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THE POTENTIAL FOR AI-DRIVEN QUALITY CONTROL IN UKRAINIAN FOUNDRIES

Metal casting industry is governed by empirical expertise and heuristic methods.
However, the integration of data-centric approaches has begun to transform the industry,
enabling enhanced operational efficiency and product quality. Recent studies document a
proliferation of artificial intelligence (Al) methodologies—ranging from neural networks and
fuzzy logic to evolutionary algorithms—applied across diverse casting processes, including
sand, die, continuous, and investment casting [1].

Historically, casting quality assurance has depended on domain experts, computa-

tional simulations, and post-production inspection techniques such as radiographic X-ray
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analysis and destructive testing. These methods, while reliable, are inherently time-inten-
sive. In contrast, Al-enabled strategies facilitate automated quality control.

Several studies illustrate the efficacy of Al in defect detection and automated inspec-
tion. Yousef and Sata [2] implemented a convolutional neural network (CNN)-based inspec-
tion system for cast steel components. Training on an extensive dataset of both defective
and pristine images, their residual neural network (ResNet) architecture achieved superior
accuracy in identifying surface discontinuities—such as cracks and cold shuts—and has been
successfully deployed on a production line, diminishing reliance on manual visual inspection.

Other investigations have harnessed computer vision and deep learning to interpret
X-ray images, enabling the detection of internal porosity and inclusions in safety-critical steel
castings [3]. This automation of radiographic inspection not only accelerates throughput but
also increases consistency in defect identification.
Implementing Al quality control in a Ukrainian foundries requires comprehensive data col-
lection:

- Visual inspection photographs: high-resolution photographs of wax patterns, cores,
wax trees, molds, and finished castings. Multiple viewpoints per component ensure cover-
age of all potential surface defect locations.

- Sensor data: measurements such as melt temperature, alloy composition, mold pre-
heat temperature, pouring rate, and shell cooling parameters.

- Non-destructive testing records: digital radiographs, dye-penetrant scan images un-
der ultraviolet illumination, and other inspection outputs.

A robust training dataset should encompass examples of both defect-free and defec-
tive parts, including intentionally induced flaws from trial castings or archived scrap speci-
mens. Continuous model refinement—facilitated by modern Al platforms—allows for incre-
mental learning whenever new defects emerge or new products are introduced. The basic
rsoftware equirements for Al-driven quality assurance are presented in Table 1.

Foundries may adopt third-party solutions such as Norican Monitizer platform or
Tvarit Al designed for die casting.

A preliminary cost analysis suggests an initial capital investment between €34 000
and €50 000, covering imaging hardware, computational resources, sensor networks, soft-

ware development, and radiographic equipment.

Table 1 — Software requirements for implementing Al-powered quality control in an

investment casting foundry.
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Application Software solutions Additional requirements Examples

Image _ _ Cropping, contrast enhance-|OpenCV
_ Open-source libraries
preprocessing ment, background removal
ResNet
_ _ _ Xception
Defect Convolutional neural|Labeled images of quality and
N _ _ YOLOvV5
recognition network (CNN) defective castings
TensorFlow
PyTorch
_ |Regression or classifi-| _ o
Data analysis _ _ Historical manufacturing pro-|Scikit-learn
_ cation algorithms, _
and forecasting cess sensor data Python library
ANN model
Node-RED
) o dashboard
_ Cloud-based or on-[Real-time monitoring, data|
Integration and _ o . . | Microsoft Azure
_ premise  dashboard|logging, integration with exist-
user interface o _ 0T Hub
application ing software ecosystem

Azure Custom

Vision

Annual operational expenses—comprising software updates, cloud storage fees, light-
ing replacement, and calibration—are estimated at €1 000 to €3 000. Expected benefits pri-
marily derive from labor savings: Al-driven vision systems can reduce manual inspection
workloads by up to 50%, providing continuous, 24/7 first-pass filtering that diminishes over-
time and associated wage costs.
Al techniques enhance each phase of quality management in investment casting, including
end-of-line automated inspection. By integrating predictive models with deep learning—
based visual and radiographic evaluation, foundries can achieve more consistent quality

and lower scrap rates.
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'HauioHanbHui yHiBepcuTeT “3anopi3bka nonitexHika”, 3anopixoks

MOPIBHANBHUA AHANI3 METOAIB LUBUOKOIO MPOTOTUMNYBAHHA: 3D-APYK |
NNTTA 3A BUTOMNMIOBAHUMU MOAENAMMU I3 BUKOPUCTAHHAM MrHYYKUX Allb-
NMHATHUX TA CUNIIKOHOBUX MNMPEC-®OPM

JinTTa 3a BuTONMIOBAHUMW MOOENAMU i3 BUKOPUCTAHHAM THYYKMX npec-opMm i3
riApOKONOIgHMX Ta CUMIKOHOBUX BiAOUTKOBUX MaTepianiB 3abesneyvye JOCTYNHY anbTepHa-
TmBy 3D-OpyKy y 3aCcTOCyBaHHSX LWWIBUAKOrO npototunyBaHHA [1, 2]. Binbutkosi maTtepianu
Ha OCHOBI anbriHaTy Ta CUMIKOHY 3abe3neYyyoTb TOYHICTb PO3MIpIB, WO rapaHTye cTabinb-
HICTb pO3MipiB Mogenen Ta e(pekTUBHICTb ANSA WBNAKOMO NpoToTMNyBaHHSA [3]. 3a mexamu
CTOMATOSOriT anbriHaTHI Ta CUMIKOHOBI (POPMU 3HAXOASATb 3aCTOCYBaHHS Y 3BOPOTHOMY iH-
XWHIPUHTY, 0& €KOHOMiIYHe Ta LWBMAKE BMPOOHULTBO (POPM € KMOYOBUM ANSA NOYaTKOBUX
iTepauin ansanHy [4, 5].

[aHe pocnigpxeHHa aHanisye OOUiNbHICTb 3aCTOCYBAHHSA LLBUAKOMO NPOTOTUNYBAHHSA
3 BMKOPUCTaAHHAM KOMEPLIMHO LOCTYMHUX MPOAYKTIB: FigpoKoNoigHUX BigbWUTKOBMX Ma-
Tepianis, KOHOEHcaUMHUX Ta agUTUBHUX CUITIKOHIB, a Takox TexHonorin 3D-apyky SLA, DLP
Ta FDM.

TouYHicTb BUMipIOBaHb Ta cTabinbHICTb. TOYHICTL PO3MipiB Mae BUpiLLanbHe 3Ha-
YeHHA ansa 3abe3neyvyeHHs PyHKLiIOHaNbHOCTI NpoTOoTUNIB. Y Ton Yac gk 3D-apyk 3abesnevye
MiHiManbHi pO3MipHi BiAXUNEHHS, rigpPOKOSoIAN NPOMNOHYIOTb MPUNHATHY TOYHICTL A58 6a3o-
BMX 3aBaaHb (ame. Tabnuuio 1).

Anani3 Butpat. CunikoHoBi hopmu 3abesnedytoTb pauioHanbHUin 6anaHc BapToCTi
Ta AOBroBiYHOCTI, 3 MoYaTKOBUMM BUTpaTtamu Ha maTtepianu Big 50 go 100 y.o. 3a npec-

dopmy, ska Moxe 6ytn BukopuctaHa o 50 uwmknis. lMigpokonoigHi npec-popmu, xoya
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