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ARTICLE INFO ABSTRACT

Article history:

Cutting processes are essential in manufacturing metal components, particularly

Rec?ived 24 April 2025 in aerospace applications. For difficult-to-cut materials such as titanium alloys,
Revised 28 May 2025 tool condition significantly impacts machining quality, making real-time failure
Accepted 10 June 2025 O 1 S1g ity imp . £ quatty, maxing .
prediction critical. While many studies have applied artificial intelligence (AI)
to analyze sensor data for predictive maintenance, real-time Al implementation
Keywords: during cutting remains limited. This study presents a real-time tool failure
Amf‘imal intelligence detection system capable of executing an Al model during machining. Titanium
Cutting process alloy was machined using an end mill, and an acceleration sensor was mounted
Tool f.allure detection on the machine tool for condition monitoring. Data acquisition, preprocessing,
Real time and transmission to the Al model were handled via LabVIEW. The Al model
Difficult to cut materials classified the tool condition into four states and was integrated with the
monitoring system through TCP/IP communication for real-time prediction.
The system was validated through cutting experiments, demonstrating its
effectiveness for real-time tool condition monitoring in high-performance
machining environments.
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Fig. 1 Schematic of the real-time tool failure prediction system
based on Al in the cutting process
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Fig. 2 Experimental set-up for cutting test with DAQ system
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Table 1 Conditions of cutting test

Ve (m/min) 80
fz (mm/tooth) 0.1
Axial depth of cut (Ap, mm) 5
Radial depth of cut (Ae, mm) 3

carbide end mill F7E AREdto] 3= AT Walter, F4700-
8323802). 7FZAIHL Table 17} 2 702 o|2ojgon), 7}
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Fig. 3 Results of pre-processing vibration data with tool wear
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Fig. 4 Tool state labeling of 4 types by K-means clustering
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Fig. 9 Set up of cutting test for performance evaluation of
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