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Recap

RESPONSE
/- what are the factors impacting on the h 4 SURFACE

response?

e what are the treatments that induce
statistically different response?

¢ individual value plot
e interaction plot
e residuals tests

* what is the functional relation among factors
and response?

* how factors impact on the response?

* response surface models through regression

* easy visualization: surface and contour plots

* residuals tests

* uncertainty of parameters & y estimation

k- optimization & confirmation tests /

11/05/2026 Prof. Pierantonio Facco - Machine learning for process engineering 2



Example:
bottle filling
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Bottle filling process

" A soft drink producer is interested in understanding the sources of variability of
the bottle filling height and eventually optimize it
* the filling machine theoretically fills each bottle to the correct target height
* in practice, variation around the target is experienced

* three variables can be controlled during the filling process:

o percent carbonation of the soft drink
o operating pressure of the filler
o number of bottles produced per minute, i.e.: the line speed

" Objective: obtaining uniform filling heights in the bottles produced by the
manufacturing process avoiding to:
* loose product
* have costumer complaints
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Experimental campaign

" An experimental campaign is carried out considering the abovementioned
factors:
* 3 |levels for carbonation: 10, 12, and 14%
» 2 levels for pressure: 25 and 30 psi
» 2 levels for line speed: 200 and 250 bpm (bottles per minute)
* two replicates of a factorial design in these three factors
e 24 runs taken in random order

" The response variable observed is the average deviation from the target fill
height observed in a production run of bottles at each set of conditions
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ANOVA model

» The percentage of carbonation, S
operating pressure, and line speed Lo
significantly affect the fill volume Lo

rrrrr

TTTTT

" The carbonation-pressure interaction F
ratio has a p-value of 0.0558, indicating
some interaction between these factors
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Main effects

" All three variables have positive main

effects: &
* increasing the variable moves the average ° t
deviation from the fill target upward s |

o increasing all the variables determine an increase of .

the filling level §3_ [ | /

" The most important effect is the one of soft
drink carbonation:

* the higher the content of CO,, the higher the
fi”ing VOIUme carbonation [%] pressure [psi] speed [bpm]
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Main effect plot outcomes discussion

Ranking of factors Linearity of factors
: Factors effects
importance effects

e What is the most e Does response e |s the variability of the
important factor increase with the response linear with
determining response factor? the factor variation?
variability? e Does response e |s the variability of the

e What is the least decrease with the response non-linear
important? factor? with the factor

e And what is the variation?

ranking of importance?

Conjectures on the statistical significance of the effects cannot be done
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Mean effects

* Mean effects are well distinguishable one another and low variability of the
means with respect to different levels

height
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Interaction effects

" The interactions between S
carbonation, pressure and line speed s
are fairly small 8 e
* lines are almost parallel i o U L e
3 —
" Conjectures on the statistical 8
significance of the interactions j s I
cannot be done : o
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Practical results and conclusions form ANOVA

" The ANOVA model suggests that:

e the carbonation of the soft drink should be maintained at the minimum level to
guarantee the proper filling volume of the bottles

* being the speed the factor with the lower impact increase it at the maximum to increase
the production and the revenue

= Can we improve these results?
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Response surface representation

" The response surface regression model can be represented through surfaces
and contour plots
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First tentative response surface model

" The complete response surface model is:
y = Bo + B1x1 + P2xy + Bzxz + Baxqx;
= R4 > 0.95

45 o o g ,
' ' ' ' ' ' Regression coefficients uncertainty
4 L 4
= Being ﬁ a linear combination of observations, they are normally distributed
35 T with mean vector 8 and covariance matrix GZ(XTX)_l
3L | = Each of the statistics

ﬁv - ,31:
25 | 1 / Jo2cy,
* is distributed as t with (N — V) degrees of freedom

= The 100(1 — a)% percent confidence interval for the regression coefficient

15 | i By is:
ﬁv - ta,N—V—lV O'Zva < ,317 < ﬂv + ta,N—V—lV O'ZCm,

1L i * which is equivalent to:

ﬁv - ta,N—V—lsE(ﬁv) < ﬁv < ﬁv + ta,N—V—lsE(.BAv)
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regression coefficients

high uncertainty on these regression coefficients:
L 2 3 4 5 the respective effects could be discarded

effect
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Updated response surface

" The updated version of the response surface model considers only the valuable
effects with sufficiently low uncertainty:

y = Po + P1x1 + Paxy + P3xs + faxix;

The ranking of the effect importance and the type

of effect are clearly shown here

* (O, is the most impacting factor

* a marginal interaction among CO, and pressure
is present

1 2 3 4
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Residuals analysis

= Regular

Normal Probability Plot
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residuals

Residuals vs. variables

= Regular
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Finding optimal operating conditions

" The response surface approach gives us an extra value: optimal operating conditions
can be found from the model!

= Objective: ensuring the optimal bottle filling:
* no waste the soda
* no clients’ complaints

* The objective is that the bottle filling is on the target: y = 0

=" To Iﬁnddthe solution both good sense and automatic computer software may be
utilized:
* suggested Matlab® commands:

o fzero
o fmincon

* For sure low levels of carbonation, low pressures and low line speed guarantee to
avoid wasting drink:
* however, we want to avoid also costumer complaints

* we have to take into account that the bottle filling has a much wider sensitivity to carbonation
then to other factors
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Unconstrained optimal operating conditions

" The optimal operating conditions can be found applying blindly the automatic
procedures in the software

" The suggested optimum to ensure y = 0O is:
* CO, carbonation = 10.7%
e filling pressure = 26.8 psi
* line speed = 218 bottle/min| ==y |decreasing the productivity is a major issue!

AN

good point: we have good sense and we realize that a lot of equivalent conditions can guarantee the target response
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Constrained optimal operating conditions

= We can add a constraint to the optimal operating conditions in such a way as
to ensure the maximum productivity with line speed at 250 bottle/min:

" The suggested optimal process operating conditions to ensure the target
y =0:
* CO, carbonation = 10.2%
* filling pressure = 25.9 psi
* line speed = 250 bottle/min
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Estimation uncertainty and confirmation experiments

* The response estimation of the regression model is subject, as well as regression
coefficients, to uncertainty

Mean response Uncertainty * \ \ ‘ ‘ \ ‘ ‘ ‘
\

= The 100(1 — a)% percent confidence interval for the mean response at the point x,
is:

The outcome y of a confirmation
experiment should not necessarily stay on
the y = 0 contour line (whose selected
point, the red star, is one of the possible
optimal solutions), but it could be shifted of
0.8 due to model uncertainty

9ke) — ta-v | 62[1 + XECTH 0] < oy ()

< 9(xXp) + tan-v J&2[1 + X0 (XTX) " 1x,]
* where ,,(x,) is the mean response at x,,
= A model that fits well in the region of the original data may no longer fit well outside g 7

of that region
« for example, in a confirmation experiment, we are usually testing the model developed from the
nt to determine r ion was correct

e
original experime ine if our interpretation
« often, we will do this by using the model to predict the response at some %oint of interest in the
de51§n space and then comparing the predicted response with an actual observation obtained by
conducting another trial at that point

sure [psi]

A\

o a useful measure of confirmation is to see if the new observation falls inside the prediction interval on the
response at that point

" The uncertainty associated to the response in the optimum operating point is, with a
confidence level of & = 0.95:
y=0+£0.8

= Since confirmation experiments replicated at the suggested optimum [10.2% CO,,
25.9 psi, 250 b/min] give an average bottle filling of y = +0.2

* this means that our model is fully reliable!
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DoE code for the bottle filling example

e)

clc

close all

clear all

load(‘...where the file is...\bottle_filling.mat')

% visual inspection

boxplot(Y);xlabel('y variable');ylabel('bottle filling height');

%% preliminary information
figure;maineffectsplot(Y,X,'varnames',{'CO_2 [%]','pressure [psi]','line speed [b/min]'})

figure;interactionplot(Y,X,'varnames',{'CO_2 [%]','pressure [psi]','line speed [b/min]'})

% n-way ANOVA

[p,tbl,stats][=anovan(Y,X,'modeI','fuII','varnames‘,{'CO_Z [%]','pressure [psi]',
ine speed [b/min]'});

figure;multcompare(stats,'dimension’,1);
figure;multcompare(stats,'dimension’,2);
figure;multcompare(stats,'dimension’,3);
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DoE code for the bottle filling example

%% response surface modelling
XX=[ones(size(Xc,1),1) Xc(:,1) Xc(:,2) Xc(:,3) Xc(:,1).*Xc(:,2) Xc(:,1).*Xc(:,3) Xc(:,2).*Xc(:,3) Xc(:,1).*Xc(:,2).*Xc(:,3)];
[b,bint,r,rint,stats1]=regress(Y,XX);

figure;bar(b(2:end,1 I;hold on;errorbar(b(2:end,1),(bint(2:end,2)-bint(2:end,1))./2,'”);
xlabel('effect');ylabel('regression coefficients’);

% updated model
XX=[ones(size(Xc,1),1) Xc Xc(:,1).*Xc(:,2)];
[b,bint,r,rint,stats2]=regress(Y,XX);

figure;bar(b(2:end,1 I;hold on;errorbar(b(2:end,1),(bint(2:end,2)-bint(2:end,1))./2,'.);
xlabel('effect');ylabel('regression coefficients’);

% analysis of the residuals

figure;normplot(r);box on
figure;plot(r./std(r));xlabel('experiment');ylabel('standardized residuals');box on
figure;scatter(Y,r);ylabel('residuals');xlabel('y');box on
figure;scatter([ones(size(Xc,1),1) Xc Xc(:,1).*Xc(:,2)]1*b,r);ylabel('residuals’);xlabel('fitted y');box on
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DoE code for the bottle filling example

(3/5)

% display response surface and contour plot

f=@(b,x)b(1)+b(2)*x(:,1)+b(3)*x(:,2)+b(4)*x(:,3)+b(5)*x(:,1)*x(:,2);

response=zeros(201,201,201);
for n=-1:0.01:1
for m=-1:0.01:1
for k=-1:0.01:1
response(round(100*n+101),round(100*m+101),round(100*k+101))=f(b,[n,m,k]);
end
end

end

rs(:,:)=response(1,:,:);

figure; mesh(25:5/200:30,200:50/200:250,rs'); xlabel('pressure [psi]');ylabel('line speed [bottle/min]');zlabel('bottle filling’);
c= coforbar;c.LabeI.String = 'bottle filling';

figure; contour(25:5/200:30,200:50/200:250,rs','ShowText','on'); xlabel('pressure [psi]');ylabel('line speed [bottle/min]');
rs(:,:)=response(:,:,1);

figure; mesh(10:4/200:14,25:5/200:30,rs'); xlabel('carbonation [% CO_2]');ylabel('pressure [psi]');zlabel('bottle filling’);
c= coforbar;c.LabeI.String = 'bottle filling';

figure; contour(10:4/200:14,25:5/200:30,rs','ShowText','on'); xlabel('carbonation [% CO_2]');ylabel('pressure [psil');
rs(:,:)=response(:,1,:);

figure; mesh(10:4/200:14,200:50/200:250,rs'); xlabel('carbonation [% CO_2]');ylabel('line speed [bottle/min]');zlabel('bottle filling');c = colorbar;c.Label.String = 'bottle filling';
figure; contour(10:4/200:14,200:50/200:250,rs','ShowText','on'); xlabel('carbonation [% CO_2]');ylabel('line speed [bottle/min]’);
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DoE code for the bottle filling example

(4/5)

% optimum search
ff=@(x,b)b(1)+b(2)*x(1)+b(3)*x(2)+b(4)*x(3)+b(5)*x(1)*x(2);
fun=@(x)abs(ff(x,b));

x0=[0 0 0];

Ib=[-1-1-1];

ub=[11 1];

optimumi=fmincon(fun,x0,[],[1,[],[],1b,ub);

display('The optimal operatingh point is');

ff(optimum1,b)

display('at conditions:’);

optimum1

rs(:,:)=response(round(100*(optimum1(1)+1)+1),:,:);

figure; contour(25:5/200:30,200:50/200:250,rs','ShowText','on'); xlabel('pressure [psi]’);
ylabel('line speed [bottle/min]');hold on; scatter(5/2*(1+optimum1(2))
+25,50/2*(1+optimum1(3))+200,'sr', 'filled');hold off
rs(:,:)=response(:,:,round(100*(optimum1(3)+1)+1));

filgure; contour(10:4/200:14,25:5/200:30,rs','ShowText','on'); xlabel('carbonation [% CO_2]’);
ylabel('pressure [psi]'); hold on;
scatter(4/2*(1+optimum1(1))+10,5/2*(1+optimum1(2))+25,'sr", filled');hold off
rs(:,:)=response(:,round(100*(optimum1(2)+1)+1),:);

figure; contour(10:4/200:14,200:50/200:250,rs','ShowText','on'); xIabeI('carbonation [% CO_2]');ylabel('line speed [bottle/min]');hold on;
scatter(4/2*(1+optimum1(15)+10,50/2*(1+optimum1(3))+200,‘sr‘,'fi||ed );hold off
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DoE code for the bottle filling example (5/5)

% constrained optimum search!

x0=[0 0 0];

Ib=[-1-1-1];

ub=[11 1J;

optimum2=fmincon(fun,x0,[],[],[0 0 1],[250],lb,ub);

display('The optimal operating point subject to the constaint of maximum productivity is:');
ff(optimum?2,b)

display('at conditions:'");

optimum?2

rs(:,:)=response(round(100*(optimum2(1)+1)+1),:,:);

figure; contour(25:5/200:30,200:50/200:250,rs','ShowText','on'); xlabel('pressure [psi]');ylabel('line speed [bottle/min]');hold on;
scatter(5/2*(1+optimum2(2§)+25,50/2*(1+optimum2(3))+200,'sr',‘fi||ed );hold off

rs(:,:)=response(:,:,round(100*(optimum2(3)+1)+1));

figure; contour(10:4/200:14,25:5/200:30,rs','ShowText','on'); xlabel('carbonation [% CO_2]');ylabel('pressure [psi]'); hold on;
scatter(4/2*(1+optimum2(1))+10,5/2*(1+optimum2(2))+25, sr', filled');hold off

rs(:,:)=response(:,round(100*(optimum?2(2)+1)+1),:);

figure; contour(10:4/200:14,200:50/200:250,rs'*'ShowText','on')' xlabel('carbonation [% CO_2]');ylabel('line speed [bottle/min]’);
hold on; scatter(4/2*(1+optimum2(1))+10,50/2 (1+optimum2(35)+200,'sr','fi||ed');hold off

% prediction uncertainty

display('The uncertainty associated to the optimum operating point is:');

tinv(0.975,size(XX,1)-size(XX,2))*realsqrt(sum(r. size(XX,1)-size(XX, optimum?2 optimum2(1,1)*optimum?2(1,2)]*pinv optimum?2 optimum?2(1,1)*optimum?2(1,
inv(0.975,size(XX,1)-size(XX,2)) *realsqrt(sum(r.A2)/(size(XX,1)-size(XX,2))*[1 optimum2 optimum2(1,1)*optimum2(1,2)]*pinv(XX'*XX)*[1 optimum2 optimum2(1,1)*optimum2(1,2)]')
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Implementation in Minitab®

= Select:
* Stat
* DOE
* Response surface
* Analyze response surface Design — L

Regression

. Click OK C1  esperimento Responses:
C2  contenuto CO2 1% [giffarenza riempimento [mm]'
C3 Scoath dcloIncs
- . C5  differenza riempim
» Select as Continuous factors the variables: || p—

; C5  Blodks ‘contenuto C02 [%]'-'velocita della linea [bottiglie'
- C9  PiType

e carbonation 6
® p re s S ure “: Categorical predictors:

:
* velocity

* Select High/Low, verify the summary of the variables e —
a nd Cl ICk K o | Vaidaton... p— | Terms through arder: L+ ﬂl

Cross predictors and terms in the model Add

Select Filling height as Responses =
= Select the appropriate Terms

" Select the appropriate Graphs

Click OK

| x| <] ]

pre
ntenuto C02 [%] *velod
ssione riempimenta [psi]”

¥ Indude the constant term in the model

Help oK Cancel
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Response superface implementation

-8 x Y P

Analyze Response Surface Design: Terms x
[om——
AU it e
e
Reponse i e

imento [mm] versus contenuto C02 [%]; pressione riempimento [psil; velocita della linea [bottiglie
Deign
Suace Design.

H Incude the following terms:

4 octa dlls nea ot ;
> 5 MostyDein. Ansee Reporse Sufce D I Available Terms: Selected Terms:
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i
2 < AC
I
2 BC
2
ww <L
Moo Surmary
e s g .
= = = = = =Gl GnGo G0 Ga GGl &[G 8
e =
i cemrinies

™ Include blacks in the madel

Help |

Analyze Response Surface Design

I TG C1 esperimento Responses:
: C5 differenza riempimen
Analyze Response Surface Design: Graphs x
C1 esperimento Effects Plots
C2  contenuto CO2 [%] ¥ Pareto ™ Mormal ™ Half Normal
C3  pressione riempiment
C4  velodta della linea [ IDisplay only model terms j
C5  differenza riempimerr
6  StdCrder Residuals for Plots:
7 RunOrder ' Regular " Standardized ~ Deleted
Blocks
PtType Residual Flots
& Individual plots
Terms... | Options. .. | Stepwise... | [ Histogram
et [~ Mormal plot
i | Graphs... | Results. .. | Storage... | [~ Residuals versus fits
™ Residuals versus order
" Fourin one
Help | [8]4 I Cancel |
[ Residuals versus variables:

Select |
Help | Ok I Cancel
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Response surface results

" Summary of the model outcome

11/05/2026

Regression Equation in Uncoded Units

differenza riempimento [mm] = 56.7 - 7.59 contenuto C02 [34]
- 1.550 pressione riempimento [psi]
- 0.0983 velocita della linea [bottiglie

+ 0.2344 contenuto C02 [%]*contenuto (
+0.1125 contenuto C02 [%W]*pressione r
+ 0.00375 contenuto C02 [%]*velocita dg
+0,00333 pressione riempimento [psi]*y

tiglie

Coded Coefficients

Pareto Chart of the Standardized Effects
({response is differenza riempimento [mm]; ¢ = 0.05)

Factor  Name

A contenuto COZ [%]
B pressione riempimento [psi]
[S velacita della linea [bottiglie

Model Summary

0.782291 97.09%

Q 5 10 15 20

Standardized Effect I

Term Coef SE Coef T-Value P-Value
Constant 2500 0277 9.04  0.000
contenuto CO2 [36] 3937 019 2013 0.000
pressione riempimento [psi] 1.375 0160 g8.61 0.000
velocita della linea [borttiglie 0.958 0,160 6.00  0.000
contenuto C02 [M]*contenuto COZ2 [%) 0.938 0.33% 277 0.014
contenuto C02 [W]*pressione riempimento [psi] 0.563 0.196 288  0.011
contenuto C02 [W]*velocita della linea [borttiglie 0,188  0.196 0.8 0.352
pressione riempimento [psi]*velocita della linea [borttiglie 0.208 0160 1.30  0.210

Term VIF

Constant

e 1.00

to [psi] 1.00

ottiglie 1.00

5 R- sq R'S[]{ﬂdj}l R-sq{pred] bntenuta CO2 [4)] 1.00

95,975 03791  [ressions riempimento [psi] 1.00

elocita della linea [bottiglis 1.00

pressione riempimento [psil*velocita della linea [bottiglie 1.00
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Regression model

= Accurate regression model: the determination coefficient is high
* CO, has the highest coefficient, meaning that it is the most influential factor n the

response

* all the parameters are positive, meaning that increasing the factors, the response

increases

Coded Coefficients

Regression Equation in Uncoded Units

differenza riempimento [mm] = 56.7 - 7.59 contenuto C02 [34]

- 1.550 pressione riempimento [psi]

- 0.0983 velocita della linea [bottiglie

+ (.2344 contenuto CO2 [%])*contenuto CO0Z [34]

+ 0.1125 contenuto CO2 [%]*pressione riempimento [psi]

S R-sq R-sg(adj) R-sq(pred)

+ 0.00375 contenuto CO2 [%]*velocita della linea [bottiglie
+ 0.00333 pressione riempimento [psi]*velocita della linea [bot
tiglie

0.782291 97.09% 95.22% 03.21%

Term Coef SE Coef T-Value P-Value
Constant 2500 0277 9.04 0.000
contenuto CO2 [44] 3.937 0% 2043 0.000
pressione riempimento [psi] 1.375 0.180 8.81 0.000
velocitad della linea [bottiglie 0.958 0.160 6.00 0.000
cantenuta C02 [#]*contenuta CO2 [96] 0.5382 0339 277 0.014
contenuto C02 [H]*pressione riempimento [psi] 0563 0.1%6 288 0.011
contenuto C02 [M]*velocita della linea [bottiglie 0188 0.19¢6 096 0.352
pressione riermpimento [psi]*velocita della linea [bottiglie 0.208  0.160 1.30 0.210
Term VIF

Constant

contenuto CO2 [3] 1.00

pressione riempimento [psi] 1.00 M [}dE| Sum mar:f
velocita della linea [borttiglie 1.00

contenuto C02 [¥]*contenuto CO2 [34] 1.00

contenuto C02 [H]*pressione riempimento [psi] 1.00

contenuto C02 [H]*velocita della linea [borttiglie 1.00

pressione riempimento [psi]*velocita della linea [bottiglie 1.00

11/05/2026
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Factors importance

" The Pareto diagram shows what are the most important and the statistically
meaningful factors

Pareto Chart of the Standardized Effects
{response is differenza riempimentoc [mm]; o = 0.05)

Factor Mame

A contenuto CO2 [%]
B

C

most influential factors

pressione riempimento [psi]

\

velocita della linea [hottiglz

, 1 | factors not significantly
o 0 - - influencing the response
Standardized Effect
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Regression coefficients

" The most important factors are those whose absolute value is larger and
whose p-value is lower (<0.05)

Coded Coefficients

Term Coef T-Value P-
g.04

196 2013 0.000

Constant
contenuto C02 [36]

pressione riempimento [psi] 150 861 0000 these coefficients refer to coded variables
velocitd della linea [bottiglie 160 6,00 0.000 . .

contenute C02 [¥]*contenura CO2 [34] 330 277 0014 In the range -1’ 0’ 1’ to glve the same
contenuto C02 [l]-ﬁ]*press_ic‘une rienjlpl'mentcu .[p.si] 196 288 0.011 importance to the factors despite the
contenuto C02 [M]*velocita della linea [bottiglie X 0.196 0.96 0352

pressione riempimento [psil*velocita della linea [bottiglN. 0.160 1.30  0.210 dfferences in the measurement units
Term VIF

Constant

contenuto CO2 [36] 1.00

pressione riempimento [psi] 1.00

welocitd della linea [bortiglie 1.00

contenuto C02 [M]*contenurto CO2 [34] 1.00

contenute C02 [H]*pressione riempimento [psi] 1.00

contenuto C02 [Y]*velocita della linea [bortiglie 1.00

pressione riempimento [psi]*velocita della linea [bortiglie 1.00
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Response surface visualization as a contour plot

= Select:
e Stat
* DOE
* Response surface
* Contour plot

= Select the appropriate
options

= Click OK

11/05/2026

A a smammmmiaa

Contour Plot
Response: |ﬁ||ing height [mm)]

Variables:

=]
¢ Select a pair of variables for a single plot
X Axis: |'carbonation [%]' -
|

Y Axis: |'pressure [psi]'

{8 Generate plots for all pairs of continuoug
(" In separate panels of the same grap

(® On separate graphs

Help

Contour Plot of filling height [mm] vs pressure [psi]; carbonation [%]

pressure [psi]

30

N
[++]
|

N
~l
|

n

12
carbonation [%]

13

filling height

HEEED
o koo

Hold Values
velocity [bottle/min] 225
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Response surface visualization as a surface

u Select: Surface Plot e
e S ta t Response:  |differenza riempimenta [mm] j

* DOE

Variables:

" Select a pair of variables for a single plot

[ Re Sponse Surface EAIiS: I'CDI‘ltEI'ILItEI co2 [“.-"'i:]I ;I
¥ Axis: I'pressiu:une riempimento [psi]’ Surf Plot of filli heiaht [ ] [ ] b i [9/]
urrace Flot ot Tiiin el mm) vs pressure [psl); carbonation
g S u r fa ce p l O t % Generate plots for all pairs of continuous d d P P oy T
" In separate panels of the same graph velacity [bottle/min] 225

= Select the appropriate ot st
options

= Click OK

Help |

7.5
filling height [mm] 5.0
2.5

300
0.0

pressure [psi]

12 25.0

14
carbonation [%]
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Find the optimal

point

= Select:

* Stat
* DOE

Response surface

* Response
optimizer

" Select Target = 0
= Click OK twice

11/05/2026

Im Minitab - bottle_filling.mpx - &8 X
File Edit Data Calc Stat Graph View Help Assistant Additional Tools
T H S ¥%[B Basistatistics 'Y fx|g= =2 h L S
Navigator Regression ¢ sts of filling heig... ¥ X
ANOVA »
Response Surface Re  DOE > Screening » -
Contour Plots of filli  Control Charts » Factorial » )ight [mm]
Contour Plots of filli Quality Tools » Response Surface » 3 Create Response Surface Design...
| Surface Plots of fillir Reliability/Survival 4 Mixture » ¥, Define Custom Response Surface Design... a
Predictive Analytics > Taguchi » # Select Optimal Design.. s v
Multivariate » I, Modify Design... # Analyze Response Surface Design... vl
Time Series 4 Display Design... #, Analyze Binary Response... L'i.ﬁi‘/".fﬁ.] 225
Tables ’ LY Predict...
Nonparametrics ’ B Factorial Plots...
Equivalence Tests » — Il Contour Plot...
Power and Sample Size  » & Surface Plot..
) [ Overlaid Contour Plot...
75 ‘ Response Optimizer...
filling height [mm] 5.0 Response Optimizer
25 300 Identify the combination of predictor values that
00 | jointly optimize one or more fitted responses.
o T pressure [psi]
12 o
carbonation (%]
Response Optimizer X
Optimize up to 25 responses:
| Response ‘ Goal ‘ Target H
Surface Plot of filling height [mm] vs velocity [bottle/min]; carbonat filling height Target
Hold Values
pressure [psi] 27.5
° cl [e7] c3 c4 c5 Cc6 c7 cs8
carbonation [%] pressure [psi] velocity [bottle/min] filling height [nm] StdOrder RunOrder Blocks  PtType
1 10 25 200 -3 1 1 1 1
2 10 25 200 =1 2 2 1 1
B] 10 25 250 -1 3 3 1 1
4 10 25 250 0 4 4 1 1
5] 10 30 200 =1 5 5 1 1
6 10 30 200 0 6 6 1 1
14 b )+ Worksheet 1 Kl
- — Setup... | Options... | Graphs... |
Results... | Storage... | View Model... |
Help oK | Cancel |
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Optimization outcome

= Suggested optimal point:
* CO, content =11.8%
* pressure = 25 psi
* velocity = 200 bott./min

Multiple Response Prediction

Variable Setting
carbonation [%] 11.756
oressure [psi] 25 j‘\ this is not the maximum productivity!
velocity [bottle/min] 200

Response Fit SEFit 95% CI 95% PI
filling height [mm] 0.000 0.390 (-0.828; 0.828) (-1.853; 1.853)
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... judge the results in a critical manner!

" Many combinations of the factors guarantee to obtain the target
" The filling is not very sensitive to the line velocity

" One can ensure the maximum productivity, namely the maximum line
velocity and the target at the same time!

Contour Plot of filling height [mm] vs pressure [psi]; carbonation [%]
30

H

m 2-
29 m 4 -

n

Bl

28

multiple combinations of the
—> | factors may warrant the target

1 12 13
carbonation [%]
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Risultato di una ottimizzazione vincolata

" Select:
* Stat
* DOE
* Response surface
* Response optimizer

" Select Target = 0

= Select:
* Options
* Hold at avalue =
velocity of the line

= Click OK twice

11/05/2026

250 for the

Prof. Pierantonio Facco -

Response Optimizer: Options X

'E Constraints

nstraint | Hold Value ‘ Lower ‘ Upper
ints |

'pressure [ps No constraints™|
‘velocity [bot Hold at value ~J250

i Starting Values
B Variable ‘ Starting Value
'carbonatio

[

¥ pressure
| ‘velocity [b

Confidence level for all intervals: |95

Type of confidence level:  {Two-sided hd
Help OK | Cancel |

': :1

Machine learning for process engineering
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Optimal process conditions

" The optimal point is:
e carbonation =10.7%
* pressure = 25 psi
* line velocity = 250 bott./min

Optimal carbonat pressure velocity

) o 0 1000 High 140 300 250.0
Multiple Response Prediction cur Hos e o
Variable Setting
carbonation [%] 10.7377

: fillin
pressure [psi] 25 Targ;z,o
velocity [bottle/min] 250 y =00
d = 1.0000
Response Fit SEFit 95% Cl °%s%Pr ryr
filling height [mm] 0.000 0.395 (-0.837; 0.837) (-1.858; 1.858)
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Example:
cutting tool
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Cutting machine case study

" The effective life of a cutting tool installed in a numerically controlled machine
is thought to be affected by:
* the cutting speed
* the tool angle

" Objective: understanding the relation among cutting machine life and the two
factors

= Experimental campaign: 32 full factorial design
* cutting speed: 125, 150, 175 in/min
e cutting angle: 15°, 20°, 25°
* replicates per experiment: 2
 total of 18 experiments
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N-way ANOVA

Analysis of Variance

3333333

3333333

" Interaction is of paramount R
importance:

* only 1 of the degrees of freedom in the
interaction is exploited

e further interaction terms can be
computed

11111111

Constrained (Type Ill) sums of squares.
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Main effects and interactions

= Main effect of the factor is large, but the interaction have a larger effect

* speed seems to increase the life of the cutting tool

* extreme angles seem to decrease the tool life
o small angles are more detrimental on the cutting tool

= Stronger nonlinearities are present in the interaction plot
* the highest velocity and the intermediate angle seems to guarantee the longest life
* the critical duration of the cutting tool is due to intermediate and low velocities and the lowers cutting

angle

25 |

angle [°]

7 B
2 A speed [in/min]

1 1 1 1 1
15 20 25 125 150 175

angle [°] speed [in/min] 15 20 25
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Main effect variability

" The effect of the higher cutting angle is not clearly distinguishable from the
effects of the other ones

" The two highest speeds show that the main effects are not clearly
distinguishable
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Response surface modelling

= We already know that:
* strong non-linearity affect the system
* we have to take into account interactions

= Response surface:
Yy = ,302‘" b1x1 ‘é‘ﬁzxz + f12X1%p +
+,311351 + fa2x5 + , I
+L112X1 Xy + Pra2X1X5 + P1122X7%5 + €
e several terms are included:
o linear terms
o interactions

o quadratic terms
o higher level interactions

" The model parameters are estimated through a least-square algorithm for the
minimization of the fitting error

11/05/2026 Prof. Pierantonio Facco - Machine learning for process engineering 44



Response surface

» The response surface shows good fitting performance (R? = 0.8952):
* the surface is very close to the measured points (red dots)
* the model identifies one zone which is critical for the cutting tool life: low angles and low speed
* the most promising working domains are:

o intermediate cutting speed with high angles
o intermediate angles with high cutting velocity

06 |
o
04 |

0.2 L

life
life

speed [in/min]

02 |

04 |

06 |

[ ]
0 . 0.5

08 |

0.5 -0.5 2
speed [in/min] -1 1 angle [*]
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Estimated model parameters

" The study of the estimated parameter confirms
that:

* there is a high and positive linear effect of the factors
on the cutting tool life

* the Iargest effect is related to the interaction term

x,x%, which is related to a strong decrease of the tool
life

* the quadratic interaction term x#x5 is one of the
most important, indicating once again a complex
interaction between factors is the worst effect for the
cutting tool life

o the contribution of this interaction is affected by high levels
of uncertainty

* the effects of the other factors are affected by high
uncertainty and are less relevant

:8122,81122
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Model improvement?

= Determination coefficient:
e R2 =0.895
* R24 = 0.802

* What kind of model improvements can be
provided to the regression model?
* what predictors can be removed?

 what enhancement of the model performance can be .|
obtained?

the regression model can be improved

:8122,81122
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Analysis of the residuals

" The residual show sufficiently normal behavior in:
* normal probability plot
* against time
e against the fitted values

Normal Probability Plot
98 T T T T T T T
/'/+
95 .
[ J
-
0 | ,/*/ a
- T [ J [ J [
o +
.75 L e —
+
+ ° ° ° °
+
z 050 | + i
+
+
+
+
25 | a
e
R ° ° ° °
+ .
-
A
L [J [ ] )
+.7
| v
: -
1.5

residuals
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... per sempre a fianco a me!
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