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Why Is the multivariate analysis
Important in chemical process?

 From DCS(Distributed Control System) etc. , we obtain
many correlated data.

!

How do we treat these data ? - Obtaining stable
— Multivariate Analysis

condition
- Monitoring process condition ‘
: - Development of
- Fault detection

- Diagnosis the productivity
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Chemical Analysis

 Calibration(training) and Prediction(test) steps
— Find amodédl for its behavior (Y=f(X))
— Test the model

« Mean-centering and scaling of variables

— To make the calculation easier
— Scaling
e no scaling (same unit)
 variance scaling (different unit) === variance =1
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Data structure

-
Underlying Assumptions

Classical methods of statistics - X-variables are independent.
- MLR - X-variables are exact.

Chemometrics - X-variables are not independent.
Short and Fat - X-variables may have errors.
- PCA, PLS, PCR ver y v
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MLR (Multiple Linear Regression)

y = by X+ boX,+ boXat+...+b X +e

« Disadvantage
— For m=n and m<n , the matrix conversion can cause
problems

Multicollinearity of X (zero determinant)
—> linear function among predictor variables
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PCA ( Principal Component Analysis)

-
-Analyze a single block

-Data compression and
Information extraction
-PCA finds combinations of

variables that describe
major trends in a data set.
-Think our body!! (We can
specify our body with two
dimension instead of using
three dimension)
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Sequence of adapting PCA

Variance scaled data matrix

PCA application
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Meaning of PCA

)
_ =t,]p, +1;]05 TS
X=M+M+M+ ... +M. X_tlTpS' 1P taP-
where X isrank r, M, Isrank 1 -
where t; IS score vector

and p,, isloading vector




Finding principal components

-
X=ULV =TP S=PLP or P'SP=L
~T=UX,V=P
where L is a diagonal

Correlated variable x matrix containing the
ordered eigenvalues of S and

| P Is unitary matrix whose
Z=P X columns are the normalized
eigenvectorsof S

Uncorrelated variable z
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A =5.83 g =[0.383-0.924, (]
A,=200 e =[0,0,1]
A,=0.17 e, =[0.924,0.383, 0]

Principal component Y ;=e; X, Y,=¢, X, ..., Y =€, X

- Pels 22+ 0] eigenvalue=
¥,=0.383X,-0.924X, corresponding principal
Y=X3 component2| varianceJ}
Y ;=0.924X,+0.383X, = Lt
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NIPALS (Nonlinear Iterative Partial
Least Sguares)

(1) takeavector x;from X and call it t,: t,=x;
(2) caculatep, =t, X/t t, <+«—— X=tp,
(3) normalize p,, to length 1:
Ph new™=Ph ol [IPh il
(4) caculatet,: t,=Xp/p; P,
(5) compare the t;, used in step2 with that obtained
Instep 4. (iteration until they are same)

E=X-tp,, E=E-tp,, ..., E:=E - oy
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PCR (Principal Component
Regression)

Y= XB+E Y=TB, + E=TPB+E
E BAr:(T'T)lT'Y:P'B

BA:P(T'T)‘lT' Y

Theinversion of T T givesno problem.
— Solve collinearity problem in MLR

But, we can not say that score vector corresponding
first PCsexplainY well, also.
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PLS (Partial Least-Sguares
regression)

U, =ht;
whereh =u, /t t.
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Comparison PCA with PLS

L oading vectorsin PCA
are orthogonal.

In PLS, the orthogonality
IS |ost.

The rotation allows a
better model for the
relation between two
data matrices.
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The PLS algorithm

Assume X andY are mean-centered and scaled

For each component: (1) take ug,= somey,
In the X bolck: (2Q)w=uX /uu (regress columns of X on u)
(B W =W o IW y4ll (normalization)
(4) t = Xw /ww
IntheY block: B)g=tY/tt (regress columns of Y on u)
(6) U new = Ao/l all - (NOrmalization)
(Nu=Y/dqq
Check convergence: (8) comparethet in step 4 with the one from the preceding
iteration. If they are equal go to step(9), else go to step(2)
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The PLSalgorithm (continued)

Calculate the X loadings and rescal e the scores and weights accordingly:
(9) p =t X/ttt (p arereplaced by weightsw))
(20) P rew = P oid/ IP ol (nOrmalization)
(12) thew = toig lIP il
(12) W ey =W g 1P g4l
Find the regression coefficient b for the inner relation:
(13) b=u't/ t't
Calculation of the residuals
B, = Enp- Py 3 X=E
Fr= F - bt 5 Y=,
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Application of PCA to chemical

Pneumatc
Level

il Slurry-Fed Ceramic Melter
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Application of PCA to chemical

(continued)

Variance captured by PCA model of
SFCM data

Percent

variance

captured

Tota

1 88.0711 88.0711

2 6.6974 94.7686

3 2.0442 96.8127

4 0.9122 97.7249

5 0.6693 98.3942

6 0.5503 98.9445

7 0.3614 99.3059
i 8 0.2268 99.5327

Sampie Number (time)
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Application of PCA to chemical
Process (continued)
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Application of PCR and PLS

Develop a regression model
that relates the temperature to

the level of the molten glass
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Application of PCR and PLS
(continued)
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