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PPG is a global maker of

paints, coatings

and Speclalty materials
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* 600+ patents in past 10 years Fiat
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What do we mean by a robust product?

A robust product delivers consistent results!

The strategy of robust design is to purposefully set Control factors (x) to desensitize the product or
process to Noise factors (N).

Y = key performance properties for which consistent results are important
Process

X = Control factors: Set by those designing the product or process

Y = f(x)

N = Noise factors: Potentially affect Y but are not controlled

Variations in the manufacturing process - in-house, customer process
* Environmental factors

- PPG




Process Map — Automotive Coating Development

X — Material Types
X — Material Levels
X — Processing Conditions

Manufacture

N — Charge Weights
N — Raw Material Variation

N — Thickness
N — Booth Temp/Humidity
N — Applicator settings

N — Sunlight Exposure
N — Car Washing
N — Stone Impact

Qg\;vioom Appeara@
Y - Colo

Y — Gloss/Color Fade
Y — Adhesion Loss / Delamination
Y - Corrosion




Example 1 — Robustness

The influence of several processing variables
likely to vary during coating application at our
customers were studied for two prototype

paint formulations.

Prototype Formula
Booth Humidity
Applicator Setting
Thickness

Run
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Which prototype formula appears to be the most
robust for appearance over the range of tested
processing conditions?
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Example 1 - Robustness

Appearance

Box Plot
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Nice visualization of robustness
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Dig deeper to find reason for variability
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Design of Experiment (DOE)

1) Plan

2) Model

Y = b, + b;X; + byX, + bgXsg

X3
I + DX X, + D1gX X3 + DogXoXg
. A i + D153X1XX5
Xq
3) Find “active” factor effects 4) Make Predictions
12
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Finding Robust Settings
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* Flat spots in the response surface are of interest because this is
where the response is least sensitive to variation in x’s or N's:

Translates —

mto more or
lezs variation
mY:

The zame amount of variation
in this x




Finding Robust Settings

* Flat spots can also be present from the interaction between two variables:

Variability in Y

; M e Relative Flat Area: Noise Factor, N, Interacting
f::"msr;:“:e with a Controllable Factor, x:
Variable

-~ ¥ 15 3t High

_________________ WS set Low
The process is more
robust to wariation in
the noise variahle
when ¥ is Low than
when x s High.

Common Cause Variation
in Noise Variahle, N

11
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Example 2
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Background

A chemist’s project focused on finding the variables that are contributing to unacceptable
variation in the yellowness (b*) of a product.

» A series of experiments were conducted to identify important factors influencing
yellowness.

* The two most influential were: o ® ® 22 Eull
< .
* Reaction Temperature (Temp) Factorial
- Rate of Addition (Rate) % (O with 3
o center
points
 Specification range for b*is 2.0 = 1. Lo
P | - @ ®
60 110
Temperature

PPG




Example 2
Temp | Rate b*
110 1.5 5.90
85 2.75 2.54
110 4 2.57
60 4 1.81
85 2.75 2.80
60 1.5 1.12
85 2.75 2.95

13

Summary of Fit

RSquare 0.99.27
RSquare Adj 0.985401
Root Mean Square Error 0.181607
Mean of Response 2812857
Observations (or Sum Wagts) !
Analysis of Variance
Sum of
Source DF Squares Mean S5quare F Ratio
Model 3 13.455400 448513 1359916
Error 3 0.098943 0.03298 Prob = F
C. Total 6 13.554343 0.0011*%
Parameter Estimates
Term Estimate Std Error t Ratio Prob=|t|
Intercept -0.444143 0374077  -1.19 03206
Temp 0.0554 0.003632 1525 0.0006%
Rate -0528 0072643 -7.27 0.0054%

(Temp-85)*(Rate-2.75) -0.03216 0.002906 -11.07 0.0016*

Actual by Predicted Plot

b* Actual

3]
5
4
3
2

1

1 2 3 4 5
b* Predicted

b* = -0.444 + 0.055(Temp) — 0.528(Rate) — 0.032(Temp-85)(Rate-2.75)

3]




Example 2

With just 2 independent variables,
we can use the contour profiler to
visualize how b* varies over the
space covered by our experimental
design.

The shaded region is outside the
specified target range of 1 to 3.

We would expect to produce in-spec
product if we keep the Temp and
Rate within the ranges:

60 < Temp < 80
&

1.5<Rate<4.0

14

Contour Profiler
Horiz Vert Factor Current X
® O Temp 60
O ® Rate 4
Response Contour CurrentY Lo Limit Hi Limit
— P-b* ( ) 2 1.7728571 1 3
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Example 2
Contour Profiler
Horiz Vert Factor Current X
But look at the contour line for the g g P "
target value Of 2. Response Contour CurrentY Lo Limit Hi Limit
— P-b* ( ) 2 1.7728571 1 3
! APbT
Note that the lines for b* = 1.5 Flat Area / -
and b* = 2.5 are closer to the s [ | Target Value = 2 )
target line for b* = 2.0 at low e
Rates than at high Rates. 3 ‘
This indicates that b* is more 1% & @'_Q.;q'fe
sensitive to variation in ¥ ) Sy 4
Temperature at low Rates than at 2k “'
High Rates. E
70 B0 an 100 111
Temp
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Predicting Capability

If we know Y=f(x), we can estimate the process capability using Monte Carlo simulation.

Process capability is a measure of how reliably a process is able to produce products that
meet the requirements of the customer (specifications).

Within Sigma Capability

LSL Target USL Process Summary Index Estimate Lower 95% Upper 95%
?,1"‘;‘ LsL 1 | Cpk 0.328 | 0.316 0.340
?g \ Target 2 Cpl 0.364 0.351 0.377
UsL 3 Cpu 0.328 0.316 0.340
?{ N 5000 Cp 0.346 0.338 0.355
l Samele Mean 2.05245' Cpm 0.246 0.329 0.352
Within Sigma 0.96302
Overall Sigma 0.969425 Nonconformance
Stability Index  1.006651 Expected Expected
B L _ _ Portion Observed % Within % Overall %
1.0 00 10 20 Within sigma estimated by average moving range. Below LSL 137400 137227 138818
b* Above LISL 16.5800 16.2574 164177

I Total Outside 31}.320-0] 29,9800 30,2996

16




Predicting Capability

We can simulate variation in Temperature in the Flat Area (high Rate) and seeing how much variation we
get in b* compared to the variation we get in b* in the “Steep Area” (low Rate):

- 4 =/Simulator
A = Simulator

A Factors
4 Factors .
EmMP | Rand v « | Mean 73
Temp | Random Y| Normal « | Mean 70 \ Temp = 70+/- 10, 2L MNormal oo -
sD 10
Rate [rag . Rae=15 Rate [Fixed -
/ (Steep Area)
LSL Target USL LSL Target USL
pe
e
21N
ii
Temp=75+/-10, [/ __—
,s_?ﬁ{r Rate = 4.0
10 00 10 20 30 40 50 (Flat Area) -0 00 1.0 20 30 40 50 6.0
I}* I}*
4 Within Sigma Capability 4 Within Sigma Capability
Index Estimate Lower 95% Upper 95% Same predicted mean, Estimate Lower 95% Upper 95%
Cpk J.328 0316 0.340 Much different capability! lCPk 2-192| 2.136 2.247

: PPG
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Finding the Flat Areas

In this example, it is easy to see the “flat area” graphically because we only have 2 x’s to
consider — but what if we have more than 2 factors?

JMP has a feature to help identify the flat spots mathematically. We need only specify the
process variable for which we want robust performance prediction as “Noise Variables” in the

profiler set up:

Explore how the factors affect the response formulas

Select Columns Cast Selected Columns into Roles Action
~ 4 Columns ["f‘, Prediction Formula] 4 p-b*
dTemp optional numeric
ARate
p-
P b
Rate Hel
[ Expand Intermediate Formulas . .
optiona efric

All' Y Columns must have formulas.

Specify Noise Factors only if you want to

study robustness (flatness) with respect to
@nsmitted variation from these factors.

19
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Good DOEs for Robustness Studies

Use Split Plot
designs to combine 5 ‘il _ .
Control and Noise P — — X1
. — X2 - + - + X2
factors into the 2 | | | | X3
same experiment. = X3 i | | i
Treatment /f‘L'L /2\ /3; /fi
N VN VN VN
Y N1 - + - + - + - + N1 X2TNT )
Xy + N N NN AN A AN e X2*N2
— N2 - + - + - + - + - + - + - + - + N3 X2*N3
X, - = N T Y T O I B PRETNT
= N3 + - - + + - - + + - - + + - - + | XI*N2 X3*N2
=1 bbb xarNs J{ x3*Ns
w Run 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16
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Good DOEs for Robustness Studies

A B C|D E F G H
Use Definitive Screening Designs 170 1 1 11 11 1
to identify “curvature” 2oyl 1 1. 1 111
y 3/ 10 1 141 1 1 1 : fold over
» Interactions 414 0 1 1 1 1 1 pairs

. 5 1 14 ¢ 1 1 -1 1 -1
»Quadratic / squared terms AEIET IR IETE
7 1 1 1 0 1 1 41 1
Y = b, + byx; + by;x,2 g8 14 1 1 0 4 1 1 1
9 1 1 1 1 ¢ 1 1 -1
Y 10 1 1 1 1 0 -1 41 1
11 1 1 1 41 1 0 1 1
12 4| 1| 1 1 1 1| 1
13 1 1 -1 1 -1 -1 0 1

14, 1 1 1 1 1 1 06 41 center

15 1 1 1 41 1 1 41 0 / point
16 1 -1 -1 1 -1 1 1 0
" 000 0000 0
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How about you?

Take a minute and think about the products that your company delivers.
Y. What is one of your key performance properties?

N: Are there specific variables that may influence Y for which you have little or
no control?

* In your process?
* |n your customers process?
* During use by the end-user?

X: What factors can you control that could make Y less sensitive to the Noise
variables?

: PPG




L
Summary

Box plots are a useful way to graphically illustrate the robustness of a product.

If “curvature” exists, it may be possible to find a flat spot where the response variable is
least sensitive to random variation in the factors.

DOE is an effective way to uncover “curvature” (interactions, quadratic terms)

With 2 factors, we can visualize the relative flat areas using contour plots.

For more than two factors, JMP has a built in capability for finding these areas
mathematically.

Given a model for the data, we can predict the capability of the product or process through

simulation. @
24
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We protect and beautify the world ™






