(11 ] I )
(Mejdell)
PCA
PLS -
(Kano) [ ]
1] (Brosilow)
( )

Email: Shahrokhi@sharif.edu



) SVvD

(Ming) [ ]

Food

SvD

[]

(Gupta)
[]
()
oF o i D5
mr.a b s (1 )l
m. sa b i (2 4bols
Sieve b £
ya Shgs (s 0)leds
kgmol/hrsaaa Shygd ¢
kg/cm2-gr.y.s Slygs jlis Pl
C° ¥y Shss gl
(J9e 2o yo)STyes clale
RRAATA O
YraIA Bon
YY..Q¥8 (o= =55 9l oy
- AYYA oesS )
YAAPFY Jet o ( - - ) (
L X-YD S oS sloy)l
kg/lcm2-g-xa & Vb G Ui
kg/lcm2-g. a En ok e L8
kgmol/hrass S p b gy . ( )
kgmol/hraysa en Vb Jypaxe £5 _
Mij/hreas sy Sl &5




Tray Number

6 I I I i i | | I I
?20 125 130 135 140 145 150 155 160 165

T.Centiarade

1.005

099
0.985
098

0975

Ovhd Toluene coampaosition,(mole fraction)

0.965

HYSYS3.2

HYSYS  object

MATLAB

1] 8
Time{hr)
c T
2 ;
5 09904
2 1
o i
£ |
5 09993 ;
H |
o i
=3 :
£ !
2 0.9993 ;
o h
g |
4 i
3 :
o
< 09992
13 |
3 :
k= i
o h
6‘_ Il Il Il Il
0 2 8 10
Time (hr)
T 09993, oy
g ;
& i
=
E T
§ anompbkd et b TN W N S
5
E
H
_§ .......
&
2
2
-1
3
L 1 1 1 L
w089y 1 2 3 4 5 [5 7

Time{hr)




Ta =

Product Composition,Toluene mole fraction

(Buckly) [ ]

Tav [ 1]
(TG +T26 +T32 +T52) ( )
4
0.9994
ol e
e
0.9992
09 e
09Ty 5 10 15 2
Double Differential Temperature
TAV
AAT
()
TAV
TAV
() ()
TAV
AAT
TAV
AAT Tav
TAV
()(C)

Xyl.Ovh Tol.bott
Plot.N
onTe ppm) (ppm)
6 30007.21990 28.2728
3 15067.2771 34.1843
5 7450.7375 38.6204
1 185.4789 428.9372
7 69.5172 95701.4882
2 94.2302 52447.6701
4 111.9025 27897.4468
(Boyd)
sharp split
ppm
AAT = (Tsz _Tsz) _(Tze _Te) ( )
AAT
AAT
()
AAT
AAT
AAT
)
(
: () O
AAT
(Luyben)
sharp split




150 1

-
S
o

(T6+T26+T32+T52)i4
=
[=)

i
w2
o

e

| +16% |
130 i i i i
0 2 4 6 8 10
Time(hr}
0
% Ty
o
s T T T
g H
o = 1= S Rt S S
[=}
£
T e S
3
2
= 0999 |
S
2 H H |
é‘ 09989 s set point
§ 09988 [ memmmmmmeeee - Product Clomposition |
E I I
2 0.9987 i i i
o 0 1 2 3 4
Time(hr)
%
0.9993 T : .
O Lo S S U Y SO
JFCTCICTc SRR 0 ——— SRR —
""""" set point

09993 ——f

0.9993

— Product Composition

0.9992

Product Composition,Toluene mole fraction

0.9992
0

=

Time(hr)

bl
W
e
Q15
£
g
LolRLl
o : | : | ] : |
2 b : : : : : :
~= : : i =.42% decrease in Distillate {Manip.Var)
s ey o oo s
§ \/ | 2% ircrease in Distillate {Manig.Var)
) N S S A SN S A S R
il 3 [ El I
Time(hr)
% AAT
[ j
&
= j
o
[l
i -
P
=
0 2 4 6 8 10
Time(hr)
% AAT
5 1.DU5|v
=L | PR
. | L S 2 s
2 e
£ 0.995|
i 2
3 099 |
- | 3
& 0983 Y
=
g 0s8F
=3 %
u H
B 0.875¢ i
2 | ®
2 |
T 09]] : : :
[34 136 138 140 142 144 146

TAV

146 , .
¢ 144
3
142
&
1400
8
B 138F
2
=136
1311 1 J‘- ;
0 3 6 9 12
Time(hr)
0
% Tay




[ ] o

S e S

P- Pmin
" Pmax - IDmln ( )
Pmax |:)min : '
MLP

N/ O U =[T(0).T, k=), T, (k—20),T, k-3, y®] ()
W@WV
IRV

17 input nodes 25 nodes 15 nodes ( ) n .(
(input layer)  (hidden layer1)  (hidden layer2)




[ 1]

X
—k-1 <~k

y=HA u +P
—k

0.9993 ; ;
0.9992 F-----m- TR e — Actual
=2 N T
'.%
g 0.9992 2
E
=3
bt
§ 0.9992
=
g
&
0.9992
0.9992 i
0 20 40 60 80 100
Time(min)
%
09994 ,
¢ 0.9993 i
8 '
3 :
o '
o :
5 0.9993/.
8 :
3 H . .
° ! : :
P - T Adud
e A Estimated
09992 I S N NN N
0 10 20 30 40 5 60 70 80
Time(min)
%
c
2
%
D ]
a ' ! :
£ 0,998kt —Actual e
g ’ - Estimated ;
17 S AR S
: e
o H
0.995 ! i I i
0 20 40 60 80 100
Time(min)
%

0.084

0.082

-==-Neural network output

— desired output

o

o <o
= o
) =)

Product Composition

0.076

0.074
0

100 200 300 400 500
Number of Data

Error

i i i i
100 200 300 400 500
Number of Data




y :CAl(CzbiAkul—}_ szﬁAku_HA yj

y=HAurPAUAQY

—k

H :Cglczb! P:Cinb!Q:_C;lHA

C;l = Cl/A
GPC
J ZZZHN i = Vil 2 "M“AUME
2
ZZZ% G, M"A“ME
Ny
J
Au
[ 1]
).
k
2 2
3= leoff A
)y ) y

2

A

2

J :[—HAg+PAy+Q>+

min 3 =Au'(HH +21 JAu

+2AgTHT[PAgT —Qy—[]+k

C.

—
~—

1 0 0| Y| [A A - Au| %

A1l 0 Yz A A - 0|y,

A A 0 AA 0
H Yirny ; R

Toeplitz H

ARMA
a(Z)Yk = b(Z)Uk
A(z)=a(z)A(z)

Az)y, =b(z)Au,

B(z) A(z)
b, =0

N2)=1+AZ* +AZ? +. .+ A"
bz)=hz* +bz % +..+b 2"

Yir =AYk~ — Ao +
bAU, +...+bAU .,

0] Ay,
-« 0] Au,
. +
.. 0 :
: Aukmy—l
—_—

Co AU Hz
K

Teoplitz / Hankel

: }|:Aukn+1“
%/—,Ta_/

CA y+ HA y :Czb AU+sz Au
o x —k-1 k-1

(

Au




y(k)-1.826y(k —1)+ 0.9364y(k - 2)
—~0.2216y(k - 3)+ 0.1119 y(k — 4) ()
=3.495e — 6u(k — 4) Ayz(HTH+ﬂJ)_1HT[[—PX—QAy] (

. Ag
y(k)-2.204y(k —1)+1.19y(k — 2)
+.2338 y(k — 3)- 0.2191y(k — 4) () []

=8.805e — 9u(k — 4)

Pl - ARMA

BESIVE INUE] b o sle
a2l s 5255

1.0058

RPN

memes GPC, Estimated Output _____ i
— PIl.Estimated Output N

0.99- N . i ; J S >®4_'7 DA e
! [ L) k ) : |
| B |

0.985

i
|

N I
ey .
I

0.995

0.98--

AT 3 - il ag [* '
: |
0.975 iy B |y vy W
[ T S B
i

0.965 [ENPTY Cusgiae
0

|
: |

syl gbalsd | }
; |

|

I

i

Product Composition, Toluene mole fraction

Time(hr)

GPC
0.9993

PRBS

0.9992

i—PI.IiEstimateicl outpui ] ARMA MATLAB

----- GPC,Estimated outout

0.9992

Product Composition

0.9991

|
0.99910

Time(hr)

%




0.9993
5
§ ----------- Cascade,Estimated composition, GPC(Primary loop)
g 0.9992 - — Cascade,Estimated composition,Pl(both loops) -
‘g‘ | | H | ' ' '
T
o
3
I T N
0'9990 1 2 3 4 5 6 8
Time(hr)
%
(ISE)
ISE
N . ISE
a Algorithm (load) (Ioz;dz
-7 -7
1 Estimated Composition, Pl 5.02x107 (1210
-8 -8
2 Estimated Composition, GPC ~ [224x107 [54x10
3 Cascade ,Estimated Composition [1.85x107® [15x107®
Pl(both loops)
4 Cascade ,Estimated Composition [2.21x10™° [17x10°°
GPC(Primary loop)
Pl

(ISE) Integral Square of Error

Pl

ISE

5.54x107°

g
o
@
£

— PI.Estimated cuput
---- GPC,Estimated output

Froduct Composition, Tolusne male fraction

0.99927 7
0 2 4 6 ] 10
L
%
TAV (
(1121 | A SO R e e T 4
09893 feceees e Cascade,Estimated composition. GPC(both loops)
—— Cascade,Estimated composition, Pliboth loops)
0.9993

Froduct Composition, Tolusne mole fraction

0,859 F , s =

(SRS

4 6 E 10
Timeihri

70 13l a YU Jamasme CIIE diunm jlie gowly YO JSS
Slygs cpgy clale als




ISE

Pl

1- Weber,Sh. and Brosilow,C. (1972). “The use of secondary measurements to improve control.” AICHE.
Vol.18, No.3, PP. 614-623.

2- Brosilow,C. and Joseph,B. (1978). “Inferential control of process, Partl, Steady State Analysis and
Desighn.”AICHE.,Vol.24, PP.485-492.

3 -Mejdell,T. and Skogestad,S. (1991). “Estimation of distillation compositions from multiple temperature

Measurements using Partial least squares regression.” Ind. Eng.Chem.Res., VVol.30, PP. 2543-2555.
4 -Mejdell, T. and Skogestad,S. (1993). “Output estimation using multiple secondary measurements: High purity

distillation.” AICHE., Vol.39, No.10, PP. 1641-1653.

5- Kano,M., Miyazaki,K., Hasebe,Sh. And Hashimoto,l. (2000). “Inferential control system of distillation
compostion using dynamic partial least squares regression.” Journal of Process Control ,Vol.10,PP.157-156.

6- Kano,M., Showchaiya,N., Hasebe,Sh. And Hashimoto,l. (2003). “Inferential control of distillation
compositions: Selection of model and control configuration.” Control Engineering Practice, Vol.11, PP.927-
933.

7- Tzu-Ming,Y.,Huang,M. and Huang.,C. (2003). “Estimate of process composition and plantwide control from
multiple secondary measurements using artificial neural networks.” Computers and Chemical Engineering,
Vol. 27, PP. 55-72.

8- Bahar,A. and Ozgen,C. (2004). “Artificial neural network estimator design for the inferential model predictive
control of an industrial distillation column.” Ind.Eng.Chem.Res., VVol.43, PP. 6102-6111.

9- Singah,V., Gupta,l. and Gupta,H. (2008). “ANN based estimator for distillation-inferential control.” Chemical
Engineering and Processing4,Vol.44, PP. 785-795.

10- Boyd,D.; M, (1975). “Fractionation column control.” Chemical Engineering Progress. VVol.71, No.6, PP. 55-
60.

11-Luyben,W.L. (1972). “Profile position control of distillation columns with sharp temperature Profiles.”
AICHE ,Vol.18, No.1, PP.238-240.

12- Buckley,P.S., Luyben, W.L. and Shunta,J.P. (1985). Design of distillation column control systems,

Instrumental Society of America, Research Triangle Park, NC,1985.

13-Clarke,D.W., Mohtadi, C. and Tuffs, P.S. (1987). “Generalized predictive control-partl.” The Basic
Algorithm. Automatica, Vol.23, 137.

14- Bulsari,A. (1995). Neural Network for Chemical Engineers. Elsevier Science B.V.

15- Rossiter, J. (2003). "A Model-Based Predictive Control:A Practical Approach.CRC Press.

16- Ljung L. (1987). System Identification: Theory for the User. Prentic-Hall.




1-
2-
3-

5-
6-
7-

Principal Component Analysis
Partial Least Square

Singular Value Decomposition
Tenesse Eastman

Auto Regressive Model Average
Generalized Predictive Control
Pseudo Random Binary Sequence




