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OPTICAL FEEDBACK BASED ON THE PHOTOMETRY
BY ELLIPSOIDAL REFLECTOR IN BIONIC FINGERS APPLICATION

Background. The investigation focus is the specificity of effective recognition of surface types during the interaction
between finger prosthesis and manipulation objects, and organization of optical feedback system in the control module
of bionic limb.

Objective. The purpose of the paper is development and testing of method of optical feedback organization in the
systems of bionic prostheses of human hand fingers.

Methods. The developed system of optical feedback is based on the microcontroller measuring device with infrared (IR)
optical emitter and sensor, ellipsoidal reflector, and artificial neural network.

Results. During the research the comparison of application effectivity of optical feedback system with ellipsoidal
reflector and without one was performed. The analysis was performed by classification of set with twelve, eleven, and
ten types of surfaces of investigated specimens with the means of artificial neural network. The obtained accuracy of
surface recognition for the system without an ellipsoidal reflector was 77%, 82% and 87%. In turn, the accuracy of
surface recognition in the application of the ellipsoidal reflector was 94%, 98%, and 100%, correspondingly. Such
results prove the possibility of further use of the photometry system by ellipsoidal reflectors for organization of
constructive parts or complete feedback modules of the bionic fingers.

Conclusions. The organization system of optical feedback based on optical emitter and sensor, ellipsoidal reflectors and
artificial neural network for recognition of kinds of separate surfaces, with which can interact bionic prostheses fingers
is proposed. The proposed system proved the certainty in recognition of limited set of investigated specimens. The

efficiency of such system can be improved by using sensors array and wider data set for training.
Keywords: bionic finger; optical feedback; ellipsoidal reflector; artificial neural network; finger prosthesis.

Introduction

Nowadays, the development of bionic devices
is very progressive and useful branch. Modern bio-
logically compatible inventions allow renovating
some critical functions of human organism for com-
fortable everyday life. For example, some technolo-
gies like artificial eye, nose, or limbs are already in
development by investigators [1—4].

Almost all bionic devices consist of several struc-
tural parts or modules. The presence of control blocks,
measuring sensors or executive mechanisms [5—8] in
many cases defines the success of final realization of
bionic system (BS). Moreover, for reaching of the nat-
ural sensitivity of BS there applies different feedback
kinds. For example, vibro-tactile, optical, ultrasonic,
and force feedbacks already uses for increasing of effi-
ciency of modern prosthesis devices [6, 9, 10].

One of the main criteria of successful realiza-
tion of feedback in prosthesis is the comfortable use
of it without any painful senses or problems with
patient skin. Generally, all kinds of feedback in
prosthesis devices can be divided into two main
categories: feedback for self-dependent, automatic
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control (SAC); and feedback with the influence on
the user body (HBI).

SAC feedback category uses combined type of
information about the jointning force and prosthesis
position for its automatic interpretation by control
block only, without delivering of any irritants to pa-
tient body [11, 12]. Fore xample, such feedback type
can be used for the calculation of instantaneous grip
force or the control over the process of objects slip-
ping out of the prosthesis fingers. In addition, SAC
feedback category uses for determination of level of
opening/closing, flexion/extension of artificial wrist
also [9, 13, 14].

Unlike SAC, the HBI feedback category fore-
sees the direct influence of various stimuluses on the
patient body. Among the transferring methods of
stimulus considers invasive and non-invasive ones.
Invasive stimulation method is closest to the natural
method of interaction between the human body and
artificial limb.

For irritants transferring this feedback organi-
zation method often uses the direct stimulation of
afferent nerves or effect of extended physiological
proprioception [12].



64 KPI Science News

2019/3

In case of non-invasive stimulation method,
the intensity of organism feelings directly depends
on the intensity of selected irritant. From the other
side, the efficiency of irritant strongly depends on
its position, simultaneous quantity of active stimu-
lation centers, amplitude, and impulse duration. In
addition, during the use of non-invasive feedback it
is necessary to consider the influence of adaptation
processes in the human body. To avoid the adapta-
tion, the selected irritants usually apply during spe-
cific time intervals [15]. The most frequently applied
methods for organization of non-invasive feedback
is vibro-tactile stimulation, electrotactile stimula-
tion (ETS), and method of extended physiological
effect (EPE). During the EPE the precise amplitude
values, which are measured by force sensors of feed-
back system, should be converted into the output
irritant and applied to the patient body [12, 16]. At
the same time, the ETS is the method, during which
cathode or anode stimulation of user body is used as
the instrument for transferring of irritant. The effi-
ciency and change of feelings in this case depends
on the pulsation frequency, intensity and width of
the output impulse [17]. However, ETS have a dis-
advantage — it is the possibility of appearance of
painful senses, which directly depends on the skin
state, size and characteristics of stimulating elec-
trodes. Contrary to ETS, vibro-tactile stimulation
has significantly lower injury influence. However,
the efficiency of feedback in such case depends on
the frequency, position and the size of stimulation
mechanisms, and hair cover of the skin. The patient
feeling on that time can vary from small vibration to
acute pain [18].

Usually, for implementation into the feedback
scheme the measuring sensor should correspond to
set of requirements. These requirements include the
spatial distribution, sensitivity, frequency character-
istic, hysteresis, flexibility and reliability of con-
struction, and other [9]. Piezo-resistive, piezo-elec-
tric, capacitive, barometric, optical, and quantum
tunnel effect sensors are the main sensor types,
which can be used as measuring ttransducers for
prosthesis feedback system [9, 13]. Moreover, for
feedback realization inventors often use the combi-
nation of several sensors in one device. For example,
in article [7] force and position sensors uses for spa-
tial coordination and regulation of output compres-
sion force in prosthesis device. In the research [8]
the sensitive to wrist flexion output power vibra-
tional system is organized by simple sensors of cable
tension. And in the research [19] there described the
organization of the vibro-tactile feedback, which is

realized by means of the position controller. The ex-
ample of combined use of different sensor types is
represented in the research [13]. In the current re-
search authors applied 15 sensors based on the Hall
effect, 5 sensors of cable tension based on the strain
gauges, 4 sensors for current and 4 optical tactile
Sensors.

The interesting solution for realization of pros-
thesis feedback system is application of optical and
optical-electronic components as the scanning sen-
sors. Usually, optical scanning is based on the reg-
istration of the reflected light from the surface of
different mediums with corresponding optical prop-
erties. Optical-electronic tactile sensors allow de-
tecting of changes in intensity of light beams [14],
and typically consist of infrared (IR) LEDs and
photodetectors. In this sensor type the intensity of
received by photodetectors light beams is propor-
tional to the value of force influence on the meas-
uring surface [9]. Optical feedback (OF) uses to en-
sure the contactual interaction of artificial finger
with the environment, and also to perform the lat-
eral scanning of objects and detection of their shape,
texture, and even softness [14, 20].

On realization of measuring optical-electronic
systems it is important to reach the maximum level
of useful signal, which is especially important during
the registration of diffuse and/or collimated compo-
nent of light, reflected from objects with different
surface structure and near-surface layer. The using
of ellipsoidal reflectors as a solution for increasing
of specific weight of registered light during gathering
of scattered light in the range of body angle 2w is
successful. It proved its efficiency after interaction
with rough surface of technical specimens [21], and
optically turbid biological environments [22—25].

Considering the effective solution of analytical
tasks and signals classification (especially in feedback
systems and bionic prosthesis [26]), there successfully
applies artificial neural networks (ANN) [27—30].
Their advantages in feedback organization and re-
cognition of different surfaces allowed reaching the
significant practical results. For example, in [31]
neural networks were used for organization of opti-
cal feedback with application of photochromic and
luminescent compounds. In researches [32, 33] ANN
is the instrument for recognition of surfaces and
physical visions.

Problem statement
Considering the mentioned information, the

goal of the research is development and aprobation
of method of organization of optical feedback for
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systems of bionic finger prostheses for human wrists.
Such method is based on the microcontroller meas-
uring device with IR optical emitter and sensor, el-
lipsoidal reflector, and artificial neural network.

Initial data

he proposed system of optical feedback organ-
ization belongs to SAC category (Fig. 1), and can be
a suitable solution for application in inexpensive bi-
onical prostheses of fingers or wrists. The photomet-
ric core design of optical feedback module can be
based on one of the suitable scheme-technical solu-
tions for measuring systems with ellipsoidal reflec-
tors [34].

Feedback

| L— |

Human body Self-automatic
{ interaction 1 control
]
Invasive Non-invasive O rlentan.on
information
1 1 !
Direct nerves . Combine type
stimulation Electrotactile of information
1] 1 ]
Extended Grip fi
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proprioception information
1
Extended
physiological
effect

Fig. 1. General classification of feedback kinds

The application of ellipsoidal reflectors in the
specific element base would allow optimizing the
construction of bionic prosthesis of human wrist
finger. Fig.2 represents the generalized structural
scheme of optical feedback organization with ellip-
soidal reflector (ER).

Optical feedback is realized as follows. The
radiation (in correspondence to the selected optical
emission configuration and receiving-registering
system) is directed to the investigated object. The
reflected signal, which can contain collimated and
diffusive components, is gathered by the ER and
concentrates in the sensitive zone of radiation
receiver. Proportional to optical flux electric signal
reaches the preliminary treatment block. After
digitalization in analog-to-digital converter (ADC)
and preliminary treatment by microcontroller, there
occurs further transition of measured signal through
the wireless connection to PC. The further recog-
nition and signals classification (which were re-
ceived during interaction with investigated object)
occurs by using of software with built-in algorithm
of neural network.

Methods and technologies

For simplification of practical realization and
comparing of results, during the development of
construction of bionic finger with optical feedback
with ER, there was used optical couple CNY70
(Vishay Intertechnology, Inc.) as an optical sensor.
Fig. 3 represents the bionic finger construction with
ER application and without one.

The constructive parameters of ER (focal pa-
rameter 1.47 mm, eccentricity 0.31, reflector ele-
ments reflection coefficient p = 0.92, wavelength
A = 940 nm) and other elements foresees the po-
sitioning scheme, which is represented in Fig. 3, b.
The used reflector has rotational (around the big
semi axis) ellipsoid shape with internal mirror sur-
face, which is cuted on focal planes orthogonal to
the axis of rotation.

The measuring optical couple was placed
immovable in distal phalanx of artificial finger. The
finger was fixed in the special cleat horizontally to
the investigated specimen, and ellipsoidal reflector
was fixed stationary closely to the optical couple

Source of Software Wireless
. . with Neural |&— PC — :
radiation transmitter
Network
A
Recevierof | 1.l Apc |- Microcontroller

radiation

Fig. 2. Optical feedback system with ellipsoidal reflector
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surface (Fig. 3, b). From the ergonomic conside-
ration, it is convenient to place the ER inside the
phalanx of the bionic finger prototype, and in such
case optimizing the reflector parameters and pros-
thesis construction.

Iyg
The work 7 M

3 ;

a

distance |
Fig. 3. Investigation scheme without reflector (@) and with reflec-
tor (b): I — bionic finger; 2 — optical couple; 3 — inves-
tigated specimen; 4 — ellipsoidal reflector

Operational algorithm of module is following.
After turning on power in the device and supply of
IR radiation from CNY70, the registered by
photodetector signal (due to back scattering) of
radiation from the investigated object is delivered to
the analog-to-digital converter of microcontroller
Atmega 16. In the microcontroller (considering the
critical value of reference voltage (RV) of the value
4.2 V, which was received from the separate Li-Pol
battery) the received signal is recalculated into the
corresponding amplitude level. On the next step the
determined amplitude level of signal is transmitted
to the software on PC through the module UART-
RF of transmitter HC-12. The further interpretation
and classification of the signal occurs by the software
with specially created neural network. At the same
time, the delay between the transmissions of each
part of information to PC equals to 1msec, the
transmission speed UART — 9600 bod, and the
working microcontroller frequency — 2 MHz.

As empirical parameters of feedback signal in
the “time range” of 50 msec, there can be defined
two indicators of time characteristics: amplitude
peak P of measured signal for test specimen, and
average absolute deviation MAD, which shows the
deviation of measured set of values from its average
value [5, 26, 35].

The general estimate of classification accuracy
performs with using of confusion matrix (EM) with
the size N per N classes. The matrix columns
correspond to expert answers, and rows are the
classification decision. During the specimen classi-
fication from the experimental dataset the answer,

which is situated in the column (determined by the
classificatory class) correlates with the answer in the
row (class, to which the object really belongs).

The classification efficiency is evaluated by three
parameters: Precision, Recall and F-score [36—38§],
and the values of them are calculated using the
equations

Precision = _Ie , (D
TP + FP
Recall = _TIe , (2)
TP + FN
F — score =2 Precision - Recall (3)

Precision + Recall’

where TP — the quantity of true positive answers
(this means that the surface was correctly classified);
FP — the quantity of false positive results (the
specimen was classified as the one surface, however
really it refers to the other one), and FN — quantity
of false negative answers.

The Precision (1) parameter can be interpreted
as the ratio of objects, which were called “positive”
by classificatory, to that ones, which are actually
positive. The Recall (2) parameter represents the
quantity of objects of “positive” class from the total
quantity of correctly determined ones by classi-
ficatory. The F-score (3) parameter is harmonizing
average between Precision and Recall, and is con-
sidered by the research authors as the main pa-
rameter for classification accuracy in the current
research. It is important to note that F-score tends
to zero, if the Precision or Recall equals to zero.

The created neural network (ANN) (Fig.4)
consist of three layers (Input, Hidden Layer, Output
Layer), and is subject of scaled errors correction,
which is conducted with the use of Levenberg—
Marquardt algorithm [39, 40]. It is used for iden-
tification of 12, 11, and 10 types of specimen
surfaces based on the analysis of back scattered
optical radiation signal.

The network performs “No/Yes”-type evalua-
tion for determination of corresponding category for

Hidden Layer

Input —
ﬁ ) ‘ @
Miy=2 j@

Mh:12

Output Layer

M,=12/11/10

Fig. 4. The ANN structure of optical feedback system for identi-
fication of different surface types: w — synapses weight
(neurons), b — bias-neurons
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each specimen. During calculations, it considers the
parameters of empirical inputs (P and MAD), which
are placed in two input neurons M,, and forms the

first layer of neural network (/npuf). The second net-
work layer (Hidden Layer) consists of M, =12,and

the third one (Quiput Layer) consist of M =12,
M, =11, M, =10 output neurons, which corresponds

to the category of each specimen type. As the acti-
vation transfer functions for second and third layers
there applies Tansigmoidal and Pure linear functions
and the value of the maximal error during the edu-
cation of the network equals to 0.01. The network
training procedure occurs until reaching of the re-
quired error value or to the moment of execution of
1000 epochs by the network.

The educational and testing dataset for the
network equals to 600, 550, and 500 values for P
and MAD for 12, 11, and 10 specimens corres-
pondingly. At the same time, the values from the
test dataset were not considered in educational one.
For the development of ANN model there was
applied Matlab Neural Network Toolbox.

Investigation results

As the dataset there was used the value of
intensity of reflected (back scattered) light for twelve
types of materials as both the biologically compatible
and artificial structure (Fig. 5). The specimens, made
of wood, plastic, metal, glass, ceramics was selected
considering that these are the main materials, which
are used in the production of household goods. For
example, the metallic and wood specimens were used
as the prototypes of materials for handrail production.
The ceramic surface is used as the base material for
cup or other kitchen utensil.

For conditional ex-vivo researches of biologi-
cally compatible surfaces there were selected speci-
mens of hen muscle tissues, pork skin, egg shell,
banana and orange skin, and the tree green leaf also.
As the example of delicate surface (with which can
interact the prosthesis user in everyday life) there
was selected silk tissue.

The first measurement series was performed
during the calibration on the daylight illumination,
and the specimen was initially placed at the distance
1 sm from the distal phalanx of artificial finger with
the built-in measuring sensor (see Fig. 3, a). The se-
cond measuring series foresee the application of el-
lipsoidal reflector in the artificial finger construction.

This reflector acts as the concentrator of
diffusive-scattered light from the investigated sur-

J k /

Fig. 5. The investigated surfaces: a — wood; b — plastic; ¢ —
metal; d — glass; e — cloth; f— ceramic; g — hen muscle
tissues; # — pork skin; i — egg shell; j — banana skin;
k — orange skin; / — green leaf

faces (see Fig. 3, b). Fig. 5, a—f illustrates the mea-
surement without ER for surfaces of following
types: “wood”, “plastic”, “metal”, “glass”, “cloth”,
“ceramic”, and Fig. 5, g—/ illustrates the photometry
by ellipsoidal reflector on the rest of investigated
surfaces (“hen muscle tissue”, “pork skin”, “egg
shell”, “banana skin”, “orange skin”, “green leaf™).

The investigation algorithm includes the data
measurement in five iterations per a single specimen.
A single itearation involve the displacement of the
artificial finger from the initial position in the direc-
tion to the specimen until the moment of direct
contact of distal phalanx with the investigated surface.
At the same time, the final data set for training and
testing of neural network consists of twenty-five ite-
rations each. The received by the optical couple signal
intensity was measured in the “time range” 50 msec.

Fig. 6 represents the confusion matrices for
classification of 12, 11, and 10 surface types. Fig. 6,
a, ¢, and e represents the efficiency of specimen
classification for the first measurement series; and
Fig. 6, b, d, and f — for the second measurement
series with the application of feedback system based
on the ellipsoidal reflector.
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Fig. 6. Confusion matrices for classification of 12, 11, and 10 surfaces: a, ¢, e — for optical feedback system without reflector;
b, d, f — for optical feedback system with ellipsoidal reflector

Fig. 6 represents the significant increase in the
classification accuracy during the second measure-
ment series. Thus, according to the efficiency esti-
mation reading F-score, the difference between the

first and the second series equals from 13% to 17%
for different quantity of measured surfaces. Fig. 6, a
represents the confusion matrix for classification of
twelve specimens, which were investigated by means
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of the measurement scheme without ER. The nu-
meric results of parameters are: Precision = 0.72,
Recall = 0.83, F-score = (0.77. As it can be observed
on figure, the neural network was able to determine
all kinds of investigated surfaces, and correctly
classify only six of them. The error quantity differs
in classes where the specimens were determined
incorrectly. The biggest uncertainty observes for
following surface types: “wood”, “metal”, and “green
leaf”. In these cases, the percent of false positive (FP)
results equals to 80% for the set for 25 testing
iterations for each surface. For the specimen of
“plastic” type such percentage equals to 60%, and
for the “ceramic” and “banana skin” — 20%. At the
same time, the confusion matrix for measurement
series with application of ER (Fig. 6, b) during the
classification of twelve surfaces demonstrates the
significantly higher indicators: Precision = 0.93,
Recall = 0.95, F-score = 0.94. Similar to the
represented in Fig. 6, a case, classificator (neural
network) determined all kinds of the investigated
surfaces also, however, the quantity of false results
for wrongly classified specimens decreased sharply.
The biggest quantity of false positive results the
network made during the recognition of “banana
skin” specimen — 60%, and also “cloth” — 20%.

As the F-score value for measuring system with
ER was significantly higher, and FP results were
observed only for two specimens, authors of the
current research decided to continue the further
testing of the created neural network on the eleven
surfaces. From the testing and educational data set
there was previously excluded the specimen, which
provide the biggest quantity of false positive results
of classificator (“banana skin”). As a result, nume-
rical values of evaluation parameters for classi-
fication of eleven specimens without ER (Fig. 6, ¢)
equals to: Precision =0.75, Recall =0.9, F-score =0.82.
At the same time, the quantity of FP results for the
“metal” specimen had reduced to 40%, for “wood” —
to 60%, and the “plastic” surface was classified
without errors. However, the quantity of FP results
for “ceramic” and “green leaf”’ surfaces didn’t change.
Contrary to the results, represented in matrix on
Fig. 6, a, the “pork skin” surface received 80% of
FP results. The results of classification of eleven
surfaces by the optical feedback system with ER is
represented in Fig. 6, d. As it can be determined, the
numerical values of parameters equal to: Precision =
= 0.98, Recall = 0.98, F-score = 0.98. Due to the
previous exclision of the “banana skin” from the
testing and training data set, the total quantity of FP
results (part of which were received for this
particular specimen) decreased also. Thus, the value

of F-score parameter had increased. The quantity of
FP results for “cloth” specimen didn’t change.

During the classification of ten surface types
authors decided to exclude the “cloth” specimen
from the testing and training data sets, and perform
testing of the developed network for system with ER
and without one. Similarly to the results, repre-
sented on Fig. 6, a and ¢ for systems without using
of ER, there was observed increasing of numeric
values of parameters: Precision, Recall and F-score.
Specifically, for the matrix, represented on Fig. 6, e,
the numeric values equals to: Precision = 0.84,
Recall = 0.9, F-score = 0.87. The biggest quantity of
false positive results was observed during recognition
of surfaces of “wood” and “ceramic” types — 60%,
the “metal” specimen had 40% of FP results.
Contrary to the data from matrix, represented on
Fig. 6, ¢, the “green leaf” specimen was determined
without faults. The results of classification of ten
surface kinds with application of ER is represented
on Fig. 6, f The numerical values of matrix evalu-
ation parameters equal to: Precision = 1, Recall =1,
F-score = 1. Such results ensure that the accuracy
of specimen recognition equals to 100% for each
iteration from the test data set.

Thus, it can be concluded that the results,
received during the investigation, proved the follow-
ing hypothesis: the relatively simple model of ANN,
which is used together with the optical feedback
system based on the ellipsoidal reflector can be used
for classification of particular surface types, and its
capability is sufficient to the general identification
of limited quantity of test specimen.

The projected optical feedback system based on
ER and ANN represented the high classification
results (F-score = 0.94 for twelve surface types) even
with only one measuring sensor and relatively small
quantity of neurons M, =12 in the hidden layer of

neural network. As the continuation of investigation,
authors consider to test the system in more signi-
ficant test data set with the increased quantity of test
specimens. At the same time, for increasing of effi-
ciency of the projected optical feedback system it
is necessary to investigate the possibility of its com-
bining with the array of several optical sensors,
which are functioning on different wavelengths,
and also the sensor, which allow determination of
shape and irregularities of the surface. The infor-
mation, received from such array, allow increasing
of the quantity of output parameters for training of
neural network and, as a result, ensure additional
possibilities for increasing of quantity of recog-
nition surfaces.
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Conclusions

In the current research authors propose a
method for organization of optical feedback module
for bionical prostheses of human wrist fingers. It is
based on the IR optical couple, ellipsoidal reflector,
and a simple model of neural network.

Electro-optical scheme of module was tested
on specimens of natural and artificial structure with
using of ellipsoidal reflector and without one. The
investigation results reveal that the use of measuring
system with ellipsoidal reflector allow reaching of
accuracy values during surface determination up to
between 94% and 100% depending on the quantity
of testing specimens (from 12 to 10 ones), which on

average is 13% better then the testing results of such
system without ellipsoidal reflector.

Based on the received results it can be assumed
that the proposed optical feedback module with
microcontroller-based measuring device is suitable
solution for using in inexpensive autonomous bionic
finger prostheses with SAC-feedback type system.

As the continuation of the current research,
authors propose the testing of the proposed module
jointly with force sensors. The implementation of
such solution will provide additional information
about surface structure of separate specimens, thus
increasing the classification accuracy in cases of
more significant quantity of investigated surfaces.
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K.M. BoHceBuy, M.O. Beayrnuia, O.A. Mputyna

OMNTUYHUM 3BOPOTHWUWA 3B’A30K HA OCHOBI ®OTOMETPIi ENINMCOIAAIbHMU PEGNEKTOPAMK B BIOHIYHUX
MNPOTE3AX NAJbLIIB

Mpo6nemaTtuka. OcobnmBocTi eeKkTUBHOrO pPo3mni3HaBaHHSA TUMIB MOBEPXOHb NpW B3aemogii nanbuiB npotesa 3 ob’ekTamu
MaHinynsauii Ta opraHisauis cucTeMm ONTUYHOIO 3BOPOTHOTO 3B’SA3Ky B MOAYIi KepyBaHHSA GiOHIYHOT KiHLLiBKU.

MeTa pocnipxeHHA. Po3pobka 1 anpobauis meToay opraHisauii OnTUYHOro 3BOPOTHOIO 3B’A3KY ANt CMCTEM BiOHIYHUX NpoTesiB
nanbLiB pyK NOAUHN.

MeToauka peanisauii. CTBopeHa cuctemMa onTUYHOIO 3BOPOTHOTO 3B’A3Ky 6a3yeTbCs Ha MIKDOKOHTPONIEPHOMY BUMIpIOBaNibHOMY
NpUCTpOi 3 iHpaYepBOHMM ONTUYHUM BUNPOMIHIOBAYEM i CEHCOPOM, enincoiganbHoOMy pedneKTopi Ta WTYYHI HEeMPOHHIN Mepexi.
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PesynbTatn gocnigxeHHs. 34iiCHEHO MOPIBHAHHA e(eKTMBHOCTI 3aCTOCYBaHHS CUCTEMW OMTUYHOrO 3BOPOTHOrO 3B'A3KY 3
BMKOPUCTaHHAM enincoiganbHoro pedrektopa Ta 6e3 Hboro. AHari3 npoBeAeHo knacudikalieto Habopy i3 ABaHaOUATW, OAUHAALATY Ta
AecaTn BMAiB MOBEPXOHb AOCHiAKyBaHMX 3paskiB 3a [OMOMOrOH LUTYYHOI HEeMpOHHOI Mepexi. OTpumaHa TOYHICTb PO3mni3HaBaHHA
NoBepPXOHb NPY BUKOPUCTaHHI cuctemmn 6e3 enincoigansHoro pechnekropa craHosuna 77, 82 i 87 % signosiaHo. CBOEI Yeprot TOYHICTb
po3ni3HaBaHHS 3paskiB MOBEPXOHb MPK 3aCTOCYBaHHI enincoiganbHoro pednekropa craHosuna 94, 98 i 100 % sianosigHo, Lo 3acsigvye
MOXIUBICTb MOAANbLLOrO BUKOPUCTAHHA CMCTEMM Ha OCHOBI POTOMETPIT enincoigansHMMmN pedriekTopaMun AN opraHidauii cknagoBux
YacTnH abo NOBHOLHHMX MOAYIIB 3BOPOTHOIO 3B’s13Ky BiOHIYHMX nanbLjiB.

BucHoBkuU. Y poboTi 3anponoHoBaHO cucTeMy opraHisaii onTUYHOro 3BOPOTHOrO 3B’si3Ky Ha 6asi onTUYHOro BUNpOMiHIOBaYa i
CeHcopa, enincoiganbHoro pedprekTopa Ta WTYYHOI HEMPOHHOI Mepexi ANns po3ni3HaBaHHA BUAY OKPEMUX MOBEPXOHb, 3 SKUMU MOXYTb
B3aeEMOAIATM nanbui 6ioHiYHOro npotesa. 3anponoHoBaHa cucTeMa nokasana NPUHATY OOCTOBIPHICTb PO3mni3HaBaHHA 0BMexeHoro
Habopy JocnigxyBaHUX 3paskiB, a epeKTUBHICTb ii 3acTocyBaHHA Moxe GyTu MiABuMLLEHa 3aBASKU BUKOPUCTAHHIO MacuBy CEHCOpIB Ta
6inbLu LIMPOKOT BUBIPKN AaHWX ANS TPEHYBaHHS.

Knio4yoBi cnoBa: GioHiuHWI Nanewb; ONTUYHWIA 3BOPOTHUI 3B’SI30K; enincoiganbHuin pednekTop; WTy4yHa HEeMPOHHa Mepexa;
npoTe3 nanbus.

K.M. BoHcesuy, M.A. Besyrnein, O.A. MNputyna

OMNTNYECKAA OBPATHAA CBA3b HA OCHOBE ®OTOMETPUU INNUMNCOUNOANBHBIMA PE®JIEKTOPAMU B
BVOHNYECKUX MPOTESAX MAJIbLIEB

Mpo6nematnka. OcobeHHOCTN 3PPEKTMBHOIO pacnos3HaBaHUS TUMOB MOBEPXHOCTEW NpW B3aMMOAENCTBMM NarnbLeB npotesa
C o6bekTaMn MaHUNynAUUM 1 OpraHusaums CMCTEMbl ONTUYECKOW 0BpaTHON CBA3N B MOAYIe ynpaBrieHnsi BUOHNYECKON KOHEYHOCTY.

Llenb nccnepoBanus. Paspabotka n anpobauusi Mmetoaa opraHnsaummn onTUYEeCcKon obpaTHON CBA3M ANA CUCTEM BUOHMYECKNX
npoTe30B NarnbLEeB Pyk YenoBeka.

MeTtoauka peanusaumm. Co3gaHHasi cuctema onTuyeckoi obpaTHol cBs3n 6a3npyeTcs Ha MUKPOKOHTPONIIEPHOM U3MEPUTENTbHOM
YCTPOWCTBE C MHAPaKPACHbIM ONTUHECKMM U3Ny4aTenemM 1 CEHCOPOM, annunconaansHoM pednekTope 1 NCKYCCTBEHHON HENPOHHOW CETW.

PesynbTatbl uccnepoBaHus. poBegeHo cpaBHeHUe 3dhEKTVBHOCTU MPUMEHEHUSA CUCTEMbI ONTUYECKOW obpaTHOW CBA3N C
1cnonb3oBaHneM annuncouaansHoro pedrektopa n 6e3 Hero. AHanua nposefeH nNyTeMm knaccudukaumm Habopa 13 ABeHaguaTw,
OAVHHAJUATU U OecsiTu BUOOB MOBEPXHOCTEN mccrnegyemMbix obpasuoB C MOMOLLbIO MCKYCCTBEHHOW HEWPOHHOW ceTu. [lonyuyeHHas
TOYHOCTb pacrno3HaBaHUs MOBEPXHOCTEN NPU UCNOMb30BaHUM cucTembl 6e3 annuncomaansHoro pednekropa coctasuna 77, 82 n 87 %
COOTBETCTBEHHO. B CBOlO ouyepeab TOYHOCTb pacno3HaBaHus obOpasLoB MOBEPXHOCTEN NPV MPUMEHEHUW INNUNcouaanbHoOro
pednekTopa coctaBuna 94, 98 n 100 % COOTBETCTBEHHO, YTO CBUAETENLCTBYET O BO3MOXHOCTY AanbHENLLEro NCMOSNb30BaHMS CUCTEMbI
Ha ocHoBe OTOMETpUM InnUNcouaanbHbIMU pednekTopamn AnA OpraHu3aumMn COCTaBHbIX YacTel WM MOMHOLIEHHbIX MoAynew
obpaTHol cBSI3M BUOHMYECKMX NanbLEeB.

BbiBogbl. B paboTe npeanoxeHa cucrtema opraHv3aumu onTu4eckon obpaTHOM CBSI3M Ha 0a3e ONTMYECKOro uanydatens u
ceHcopa, annuncomaansHoro pedriekTopa U UCKYCCTBEHHOW HEMPOHHOW CeTW AN pacrno3HaBaHWs TUMNOB OTAENbHbIX NMOBEPXHOCTEW, C
KOTOPBLIMU MOTYT B3aUMOAEeCTBOBaTL NanbLibl BuoHW4eckoro npotesa. [peanoxeHHas cuctema nokasana AocTaTouHyo JOCTOBEPHOCTb
pacnosHaBaHWsA OrpaHUYeHHOro Habopa nccnegyembix 0bpasLoB, a 3HEKTUBHOCTb €€ NPUMEHEHNS MOXET OblTb MOBbLILLEHA MyTeM
MCMOoNb30BaHMSA MaccriBa CEHCOPOB 1 Goree LIMPOKOW BbIOOPKY AaHHBIX A TPEHVPOBKU.

KniouyeBble cnoBa: GMOHMYECKMIA NaneL; onTndyeckas obpaTHas CBA3b; annuncomaansHblii pedriekTop; UCKYCCTBEHHas HEMPOHHast
ceTb; NpoTes nanbua.
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