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HeiipoceTeBble TEXHOJOTHH HACHTH(PUKALNN 1 KOMIILIOTEPHOTO 3PeHHsI B MO/IEJTHPOBAHUH MpoIecca
ynpasjeHus pabouyuM 000pyAoBaHIEM IKCKABATOPA

Ipeonooicen memood 0OHAPYICEHUSL U OYEHUBAHUSL NOJIONHCEHUS INEMEHMO8 paboue20 060PYO08aAHUst IKCKABAMOPA U
HPOEKMHBIX OMMEMOK C HOMOUBIO CEEPMOUHBIX HEUPOHHBIX Cemell Ha OCHO8e OAHHBIX CIEPEOKAMEPbl — BUOCOKAOPO8
u 3D-obnaxa mouex. Paspabomanvt Mooenu Ha 0CHO8e MHO2OCAOUHOU HEUPOHHOU cemu DAMana 0s u0eHmupuKayuu
npoyecca 83aumooeticmsus pabouezo 000py008anus co cpedoi. Moodenu no3eonaom npocHO3Upo8amy y2i086bie
cKopocmu naamgopmul, Cmpeisl, pyKOsimu i KOGULA 8 3a8UCUMOCHIU 0N NOJIOJCEHUS OICOLICMUKO8 YNPAGLEHUSL.
Memoowl u modenu npeonasnauenvl 0 UCHONb308ANHUSL 8 CHPYKIYPE UHMEIEKMYANbHOU A8IMOMAMUYECKOl CUCTEeMbl
YnpasieHusl.

Kniouesvie cnosa: cucmema agmomamuuecko2o ynpasieHus, 3KCKA6amop, KOMNbIOMeEpPHOe 3peHue, CeepHoyHble
HelpoHHble cemu, UOeHMmupuKayus, peKyppeHmHole HeupoHHble cemu.
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Meshcheryakov V.A., Letopolsky A.B., Nikolaev D.I., Teterina I.A. Neuron network technologies of identification
and machine vision for modeling the control process of excavator’s working equipment

The paper offers a method for detecting and estimating the position of excavator’s working equipment and design
reference marks with the help of convolutional neural networks on the basis of video images and 3D point cloud from
stereo camera. The models based on multilayer Elman RNN are developed for identifying the interaction between the
working equipment and the environment. The models enable the prediction of angular velocities of the excavator’s
platform, excavator’s boom, stick, and bucket dependent on control joysticks’ positions. The methods and models
developed can be used in the automatic intelligent control system.

Keywords: automatic control system, excavator, machine vision, convolutional neural network, recurrent neural
network.





