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Fig.8 Convergence of loss function on the proposed data-driven models
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Table 6 Accuracy of the proposed data-driven models
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Fig.9 Some feature recognition results of test part
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Table 7 Correct feature recognition rates of the test part
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Lean Production Line Planning for Airbus A220 Aircraft Door

LIU Min, WANG Dawei, YANG Yanrui, YANG Wubing
(AVIC SAC Commercial Aircraft Company LTD., Shenyang 110000, China)

[ABSTRACT] In order to improve the assembly efficiency of Airbus A220 aircraft door production line and reduce the
labor and man-hours, firstly, the assembly time data of door production line was measured by time measurement method
based on lean thinking in this paper, and the number of tooling needed to improve the production capacity is determined;
Secondly, the Spaghetti diagram was used to analyze the logistics trend of operators in the assembly process, and the
possible waste phenomenon is analyzed. Based on the waste phenomenon and the characteristics of door assembly process
flow, the door production line is arranged according to the principle of product clustering. At the same time, the layout form
of the whole station serial and the local bottleneck station parallel are determined referring to the IE (industrial engineering)
method, then the door lean production line is established. Finally, 3D rendering was conducted for the overall layout by 3ds
Max software.
Keywords: A220 door ; Lean concepts ; Industrial engineering (IE); Production line; 3ds Max
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A Data-Driven Method for Machining Feature Recognition for
Aircraft Structural Parts

LU Kai', LI Yingguang', LIU Xu®, DENG Tianchi'
(1. College of Mechanical and Electrical Engineering, Nanjing University of Aeronautics and Astronautics,
Nanjing 210016, China;
2. School of Mechanical and Power Engineering, Nanjing Tech University, Nanjing 210009, China)

[ABSTRACT] Machining feature recognition is an essential way to realize the integration of CAD/CAM, and is
significant to improve the quality and efficiency of CNC machining of the aircraft structural parts, which contains plenty of
complex interacting features with complex structure. Existing machining feature recognition methods require predefinition
of feature interacting patterns before recognizing interacting features, which is difficult to meet the recognition
requirements of complex interacting features of the aircraft structural parts. Therefore, a data-driven method for machining
feature recognition for aircraft structural parts is proposed, which transforms the problem of machining feature recognition
into a graph learning problem, and adaptively learns feature recognition rules from historical process data by constructing
a graph neural network model. The proposed method breaks the limits of the pre-defined feature interacting patterns. With
typical aircraft structural parts as test parts, the correct recognition rates of isolated features, interacting features and total
machining features reach 98.11%, 94.62% and 96.18%, respectively, which verifies the effectiveness of the proposed
method.
Keywords: Data-driven; Aircraft structural part; Machining feature recognition; Interacting feature; Graph neural network
(T —4)
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