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In a multi-process production system, the yield rate of the final products depends not only on the goodness
of each machine but also on that of machine combinations at different stages. To maximize the productivity, it
is crucial to use good machine combinations by priority. In the present work, we proposed a modeling method
that can estimate the yield rates of unused machine combinations and a production scheduling method that can
optimize machine combinations by taking account of the yield rates. The proposed modeling method uses field-
aware factorization machines (FFM). A case study demonstrated that FFM can estimate the yield rates with great
accuracy even when yield rates are available in only 20% of all machine combinations and also that the proposed
scheduling method improved the productivity by more than 10%.
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1: Estimation result of yield rate: RMSE
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2: Identification results of 15 good/bad machine combi-
nations using RF, FM, and FFM

AT MENEESFIEMSIEL RE L2 EBHETORTH D
GEF 15D > bAZKBETELhEERT. ZORKENS,
uw=80% %iBZ 5L EDFETHREMBENEL DN, 80%
DURTIE FEM 2NEIF 584 Rl B E ML A8 OREE I B LU
I bnb.

3. ReXsZEELLEERT a2 -V

—HOEEMATIZ OV THAEEL <, REKNERRT
HBLELT, A TANRVERBFEERFARIZEEL T, EiE~
DY aTDEY B TEEMEILTENAITYY K- TJa—Tay
TR Ya—) v IREERL. B, ZHNEBNT VT
VALD—FETH D NSGA-II 2 H\\ 5.

3.1 FTARNRNYFVUIIL—I

AT Y a—Y VR BERT VT AL THRLSG
&, B TIEOY 3 TEMTOAZREAERE U, H2 Tk
PAEIXT 4 ARy F U NN — )L 2 fli 5 Z & T A 2 KK
T 5 ML, U T 0 2%y F 2 )b —)LIE First-In
First-Out (FIFO) & IEEH, WHRe7d TRICEHEFL -
Y a 7D SR AU AT RE R EEEIZE D T A, FIFO AT 2
AN VER/MEDIHITH 5512 13BN FIETH S0, B
KEZBLTWAWED, RiFETHHRE T 2REIIES 4
W, ZIZT, FRZ3FEEOT A ARy F U I — V& RE

7% 1: Results of production scheduling

Method NHV  Chax  Qan Throughput
FIFO 0.256 59.2 0. 868 284.1
HEYR 0.592 62.8 0.917 274.1
TMI 0.801 66.0 0.962 278.8
Hybrid 0.760 62.8 0.946 282.7
GA - 60.0 0.798 253.6
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