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ABSTRACT

In the window manufacturing value stream, glass is shipped from different suppliers, and
various processes occur at the manufacturing facility to ship the windows to
distributors. Each manufacturing process parameter might lead to the potential risk for
window breakage which leads to increased costs. Our objective in this study is to optimize
process settings that decrease window breakage. During the manufacturing process,
we collect data from each step of the glass making process and explore features that might
Impact glass quality. Using linear regression analysis, logistic regression analysis, and
optimization we provide an approach to predict the window breakage in stage | and
then optimize the manufacturing process settings in stage Il to improve the process
and save the firm money with decreased breakage costs.
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METHODOLOGY

We identified a design that allowed up to estimate the relationship of process
settings on breakage rate using parametric models (linear & logistic regression).
Then we formulated an optimization model where the predictive model served as the
objective function we were trying to minimize as shown in Fig 2.
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OPTIMIZED PARAMETER SETTING X1

X2 Window size measurement to the second power

Window size measurement

X3 Window size measurement to the third power

X4 Glass thickness measurement

X5 Glass thickness measurement to the second power

X6 Glass thickness measurement to the third power
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Window type: wood (categorical variable)

Glass supplier is A (categorical variable)

Glass supplier is B (categorical variable)
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The interaction term of window size and glass thickness

The interaction term of window size and cut speed

The interaction term of glass thickness and cut speed
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Table 1. Manufacturing Parameters

RESEARCH OBJECTIVE

What analytical approach would allow a manufacturer to optimally set window process
settings to decrease breakage?

STATISTICAL RESULTS

LINEAR REGRESSION STATISTICS
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logical Design

LOGISTIC REGRESSION STATISTICS

By interfacing predictive and prescriptive analytics in a two-stage fashion, we
realized our lowest window breakage rate was close to 0. We concluded from the

latest published research in Management Science and supported by our experiments
that framing this particular problem as a linear regression model (e.g. response

variable is a window breakage rate per batch rather than binary failed/good batch)
first, then optimizing, was the ideal approach to support the technician and led to
better process setting decision-making. The reason is the parameters would make

LITERATURE REVIEW more sense to the technician compared to odds-ratios in the classification case and
:would also be easier to update in Microsoft Excel and integrate into a solver.
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prescriptive analytics.
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