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Sparse Modeling Algorithm Allowing Identification of Failure Factors Using Manufacturing Big Data with High
Missing Rate
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Manufacturing industries have recently been focusing on improving production yield by identifying the causes of product defects through effec-
tive utilization of the large volumes of data accumulated in plants and factories, referred to as manufacturing big data. However, it has become
difficult to implement factor analysis due to the increasing incidence of data containing many missing values as a result of sampling inspections and
other reasons, resulting in both increased computational costs and decreased statistical accuracy.

The Toshiba Group, in cooperation with the Institute of Statistical Mathematics, has developed a new sparse modeling algorithm called HMLasso
capable of performing accurate and high-speed factor analysis using manufacturing big data with a high missing rate. Numerical experiments using
synthetic data have verified that this algorithm reduces the estimation error by about 41% compared with that of other state-of-the-art methods.

Theintroduction of HMLasso is expected to improve the productivity, yield, and reliability of manufacturing sites.
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Analysis of failure factors based on regression modeling using
manufacturing data
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Types of feature selection methods based on data

EREFU B
A B a1 R RERFE
Svy)N—1 ﬁﬁ%ggggi:g&”@: ATV TTA R
LG~ {gg';g;’g%:?fﬁf Y C O
EHIAHEY {ggigi‘fﬁgf?;ﬁ ZI—REFU> (Lasso")
1
M2
%3 | Esi
M4
M5 | |
0 5 10
was EEnT—5EE

(@) ZRZvF>Y b) ERTS7

2. ARERDERLDA

ARERMBEREO T > F > 72/ LTD, 7 7kE T — 2 BB ORIRM:
ZHFLIDTHILT, ARERDORAEELIETES,

Examples of visualized failure factors
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Methods for estimation of regression model from missing data
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Results of evaluation of performance of conventional and newly
developed methods under various synthetic data conditions
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