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Puc. 2. I'padiuni 3anexHOCTI TOXHOOK OOYMCICHHS pajliyciB 00€pTOBUX Kpareib YUCIOBHUMHU
METOAaMH 1HTET PYBaHH

JocnimkeHHs: MPOBOAUIUCh i MeToAiB PyHre-KyTTu 3 MOCTIMHUM KpOKOM
IHTErpyBaHHs, OTKE METOJU 31 3MIHHUM KPOKOM 1HTErpyBaHHS MOKYTh OyTH TEMOIO
MaiOyTHIX JOCIKEHb.
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In modern high-tech instrument-making, ensuring a given surface roughness is a
critically important stage that directly affects the operational reliability, wear
resistance and fatigue strength of parts [1]. The traditional approach to controlling
roughness parameters is usually based on post-processing analysis, when
measurements are taken after the completion of the machining operation using
contact profilometers or optical systems. This approach creates significant time
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delays and does not allow for a prompt response to deviations in the technological
process, which often leads to the appearance of defects. The solution to this problem
Is the implementation of intelligent prediction methods that allow assessing the
surface quality directly during cutting, using indirect physical features, such as
vibration signals [2].

The proposed method is based on the use of deep learning, in particular, an
improved Deep Belief Network (DBN) architecture, adapted for solving several tasks
simultaneously. The scientific novelty of the approach lies in the integration of the
evaluation of surface roughness parameters and the state of wear of the cutting tool
into a single analytical model.

The physical justification of such a structure is based on the fact that the
degradation of the cutting edge is the root cause of the change in the surface
microgeometry. The use of common hidden layers of the neural network allows the
model to more effectively extract invariant features from noise vibration signals,
providing higher accuracy compared to isolated prediction algorithms [3].

The process of system operation begins with the stage of recording primary data.
During machining on a CNC machine tool, a three-axis accelerometer installed on the
spindle assembly records the dynamic characteristics of the process along the X, Y
and Z axes.

The received signals are extremely complex and contain a significant amount of
background noise from the operation of the machine tool drives and the cooling
system. To increase the stability of the algorithm at the pre-processing stage, the data
expansion method is used by adding controlled white Gaussian noise. This allows for
the formation of a reliable training set that simulates different conditions of the shop
floor environment and prevents overtraining of the model on specific random
perturbations [4].

The central element of the method is the specific topology of the neural network,
presented in fig. 1:

As can be seen from the diagram, the structure consists of an input layer, several
consecutive hidden layers based on restricted Boltzmann machines (RBM) and a
branched output cascade. Each RBM layer is trained iteratively, which allows the
system to independently identify the most informative frequency and time patterns of
vibration.

At the highest level, the network is divided into two parallel vectors: one is
responsible for the discrete classification of roughness levels, and the other for
monitoring the degree of tool wear. Such a separation allows us to take into account
the mutual influence of these parameters through the common weighting coefficients
of the lower layers [5].

To convert vibrations into an input feature vector, statistical parameters of the
time domain are used. The most significant are the root mean square (RMS), which
reflects the total vibration energy, and the kurtosis, which indicates the presence of
peak impact loads characteristic of the initial stages of cutting-edge failure.
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Fig. 1. Architecture of a multi-task forecasting model

The mathematical tuning of the model is carried out using a combined loss
function that balances the errors of both tasks. This ensures that the system will not
shift the focus to only one parameter, providing a comprehensive assessment of the
technological state [6].

The implementation of such an intelligent system allows transforming the
approach to quality management:. from passive detection of defects to active
prevention of their occurrence. Integration of the algorithm into the machine control
system allows real-time correction of cutting modes (for example, reducing the feed
when detecting signs of vibration instability) or automatically stopping processing to
replace the tool. This ensures the stability of the technological process, minimizes the
Impact of the human factor and significantly increases the economic efficiency of
production by reducing the number of defective parts and optimizing the cost of tool
materials. Thus, the combination of deep learning and multi-task vibration analysis is
one of the most promising areas of development of machining technologies within
the framework of the Industry 4.0 concept.
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JOCJIJDKEHHSA YMOB 3ACTOCYBAHHA COEPNYHOTI AHPOKCI/IMAHIT
EHIHCOH[AJH)HI/IX PE®JIEKTOPIB Y ®OTOMETPUYHUX [TPUCTPOSIX
BIOMEJIMYHOI'O ITPU3HAYEHHA

byonux I''A., Besyanuii M.O.
Hayionanvnuii mexuiunuii ynieepcumem Yxpainu "Kuigcokuil nonimexnivHuu iIHCmumym imei
leopa Cikopcvroeo", Kuis, Yxpaina
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Enincoinansui peduexropu (EP) mupoko 3acTOCOBYIOTBCA y (POTOMETPUUIHHUX
MPUCTPOSX JJI1 BUMIPIOBAHHS MTOKAa3HUKA 3JIOMJICHHS 010JIOTTYHUX TKAaHUH METOI0M
noBHOro BHyTpimHboro Biadutta (IIBB) [1]-[3]. [Ipunuun poboTH IpyHTYETHCS Ha
CTUTMATHYHIM BIIACTUBOCTI eirncoina oOepTaHHS: BCi MPOMEHI, M0 BUXOIATH 3
onHoro Qokyca Fi Ta BimOuBaroThcs Bin mnoBepxHi EP, 30upatoTecs y apyromy
dokyci F» HesanmexxHOo Bil TOUKM BIIOUTTA. Ll BIACTUBICTH € KPUTUYHOK ISt
dopmyBanns viTkoro Kinbilsg [IBB na CCD-cencopi, po3MiiieHomy y Fa, nonoxxeHHs
SKOTO OJHO3HAYHO BHM3HAUYA€ TMOKA3HWK 3aJIOMJICHHS MOCIII)KYBaHOI TKaHWHHU N2
[4], [5]

Enincoin oOepTaHHs 3 BEJIMKOIO IMIBBICCIO a Ta Major0 MIBBICCIO b omucyeThes
PIBHSIHHSIM:
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