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AHoTanis: Y poOOTi 3a1pONOHOBAHO METO]I IPOTHO3YBAHHS NepeAaBapiiiHUX cTaHiB 001aJHAHHSA
MIKpOEJIEKTPOHHOTO BUPOOHHUIITBAa Ha OCHOBI TexHoJorii Digital Twin Ta 1HTeIeKTyaJIbHOrO aHali3y
TEXHOJIOTIYHUX MapaMeTpiB, KU 3a0e31euye MOHITOPUHT TEXHIYHOTO CTaHy, BUSIBJICHHS aHOMAIIH 1
MOJIEIIOBaHHsl CIeHapliB Jerpajgauii oOnaaHaHHd. Merton mnepenbadae 3acTOCyBaHHS MoJenen
MallMHHOTO HAaBYaHHS Ta aHalli3y 4YacoBUX JaHUX JUIi TPOTHO3YBaHHS HWMOBIPHOCTI
nepeJaBapiifHOro CTaHy, OIIHIOBaHHS 3aJMIIKOBOro KopucHoro pecypcy RUL 1 ¢dopmyBanHs
JUHAMIYHOTO 1HJEKCY PHM3MKY. IHTerpaiis pe3yibTaTiB MPOTHO3YBAaHHS 13 CHUCTEMOIO MiJITPUMKHU
NPUMHATTS pIlIEHb 1 KOHTYPOM O€3MepepBHOTO HaBYAHHS CTBOPIOE MEPEAYMOBH Ul MEPEXOAY BiJl
PEAKTUBHOTO TEXHIYHOTO OOCIYrOBYBaHHS /10 MPOAKTMBHOTO MPOTHO3YBAaHHS Ta IONEPEIKEHHS
BIIMOB O0JIaTHAHHSI.

KuaruoBi caoBa: Digital Twin; MikpoenekTpoHHe BHpPOOHHMIITBO; IepelaBapiiHUN CTaH;
MPOTHO3YBAaHHSI TEXHIYHOTO CTaHy, MAIIMHHE HaBYaHHS; 3aIUIIKOBUN KopucHui pecypc (RUL);
JUHAMIYHUN 1HAEKC PU3HKY; IPOTHO3HE TEXHIYHE 0OCITyrOBYBaHHS.

The relevance of the research is determined by the need to improve the reliability and operational
safety of high-precision microelectronic manufacturing equipment, whose failure may lead to
disruptions in technological processes, deterioration of product quality, and the occurrence of
emergency operating conditions. Traditional technical monitoring methods are primarily focused on
detecting existing deviations, whereas modern manufacturing requires early prediction of the
transition of equipment from a normal to a pre-failure state. The use of Digital Twin technology
provides continuous representation of the current state of physical equipment in a digital environment
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and enables simulation of its behavior under various combinations of process parameters and external
influences. The integration of the Digital Twin with intelligent data analysis methods makes it
possible to identify hidden patterns and anomalous changes in parameters, assess the dynamics of
equipment health, and predict the probability of critical deviations. The development of such a
method creates the prerequisites for a transition from reactive maintenance to predictive maintenance
and proactive prevention of pre-failure states in microelectronic manufacturing equipment. The
structural diagram of the method for predicting pre-failure states of microelectronic manufacturing
equipment based on Digital Twin is presented in Figure 1.
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Figure 1 — Structural Diagram of the Method for Predicting Pre-Failure States of Microelectronic
Manufacturing Equipment Based on Digital Twin

The operating principle of the method for predicting pre-failure states of microelectronic
manufacturing equipment based on Digital Twin (Fig. 1) is based on the continuous acquisition,
processing, and intelligent analysis of process parameters, followed by prediction of changes in the
equipment health state. The Data Acquisition (Sensing Layer) block provides primary data from
process sensors monitoring temperature, force, power, and displacement; condition-monitoring
sensors measuring vibration, current, pressure, and acoustic emission; environmental sensors; the
control system and PLC; as well as external information sources concerning materials, process
recipes, and operator actions. The Data Ingestion and Communication block is designed to transmit
the acquired information through an industrial network, 10T, or SCADA infrastructure and provides
time synchronization and buffering of data streams required to form a consistent time sequence of
process parameters. The Data Preprocessing and Management block performs data validation and
cleaning, noise filtering and outlier removal, parameter normalization, and extraction and selection of
informative features, after which the processed data are stored in a historical database for further
analysis and model training. The central component of the method is the Digital Twin of Equipment

block, which creates an up-to-date digital representation of the physical equipment and ensures its
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synchronization with the actual technological process. The Physical Asset Model component
integrates 3D/CAD, kinematic, thermal, and electrical models, equipment wear and degradation
models, as well as a technological process model, particularly the wedge bonding process, making it
possible to reproduce the relationships between process operating modes and the equipment health
state. The Real-Time Data Mapping component provides real-time synchronization between the
states of the physical equipment and its Digital Twin, updates the parameters of the digital model,
assesses the current equipment condition, detects anomalies, and calculates diagnostic health
indicators.

The Scenario Simulation and What-if Analysis block is used to investigate the behavior of the
Digital Twin under changing process parameters, simulated faults and external disturbances,
degradation processes, and various failure scenarios, making it possible to study pre-failure operating
conditions without hazardous experimental impacts on the physical equipment. The results of current
monitoring and scenario simulation are transmitted to the Intelligent Analysis and Prediction Module,
where the Correlation and Factor Analysis component identifies the most significant process factors
and determines their correlation, sensitivity, and cause-and-effect relationships with equipment health
degradation. At the next stage, Health State Assessment uses machine learning models to evaluate the
current health state of the equipment, while Pre-Failure State Prediction performs classification or
regression-based prediction of the system’s transition to a pre-failure state. The Remaining Useful
Life (RUL) Estimation component uses time-series models to estimate the remaining useful life and
the predicted time until a critical state or failure occurs, while the results of all intelligent analysis
components are integrated into Dynamic Risk Index Calculation, where a normalized dynamic risk
index ranging from 0 to 1 is calculated. The Outputs block presents the results in terms of the current
equipment health state, probability of a pre-failure state, predicted RUL, risk level classified as
Normal, Alert, High, or Critical, trend visualization, early warnings, and emergency alerts. The
obtained results are transmitted to the Decision Support System, which generates recommendations
for maintenance or adjustment of process operating modes, determines maintenance schedules,
supports resource allocation and work prioritization, and evaluates the effectiveness of the decisions
made. The final Feedback and Continuous Learning Loop block returns new operational data and
actual equipment performance results for retraining and calibrating the intelligent models, refining
the Digital Twin, and updating the knowledge base. Thus, the closed-loop cycle “sensor data —
preprocessing — Digital Twin — scenario simulation — intelligent analysis — pre-failure state and
RUL prediction — decision support — continuous learning” enables a transition from traditional
failure detection to proactive prediction of equipment degradation and early prevention of pre-failure
states.

The advantage of the developed method lies in the comprehensive integration of Digital Twin
technology, intelligent data analysis, and continuous monitoring of process parameters, which
enables timely anomaly detection and prediction of the transition of microelectronic manufacturing
equipment to a pre-failure state. The use of scenario simulation and What-if Analysis makes it
possible to investigate the effects of changes in process parameters, degradation, and potential faults
within a digital environment without the risk of damaging the physical equipment. Integrated
assessment of the equipment health state, pre-failure probability, Remaining Useful Life (RUL), and
dynamic risk index enables the early generation of recommendations for adjusting operating modes
and performing maintenance activities. The feedback and continuous learning loop provides adaptive
refinement of intelligent models and the Digital Twin based on newly acquired operational data,
thereby facilitating a transition from reactive equipment maintenance to a proactive and predictive
maintenance strategy.

CONCLUSIONS. As a result of the research, a method for predicting pre-failure states of
microelectronic manufacturing equipment is proposed, which integrates Digital Twin technology,
continuous monitoring of process parameters, scenario simulation, and intelligent data analysis to
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assess the current and predicted health state of the equipment. The application of machine learning
models enables prediction of the probability of equipment transitioning to a pre-failure state,
estimation of the Remaining Useful Life (RUL), and calculation of a dynamic risk index, allowing
critical changes in the technological process to be detected at an early stage. The integration of the
obtained results with the Decision Support System enables the generation of recommendations for
adjusting operating modes, planning maintenance activities, and prioritizing appropriate measures,
while the continuous learning loop provides adaptive refinement of intelligent models and the Digital
Twin based on newly acquired operational data. The proposed approach creates the prerequisites for a
transition from reactive fault detection to proactive prediction of degradation and prevention of pre-
failure states in high-precision microelectronic manufacturing equipment.
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