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Petrochemical Industry

1. Pillar industry in the world

O The first major pillar industry in the world
O $14.9 trillion gross output in the world (2013)
O China as number one

2. Big energy producer, Big energy user

O 15% of total energy consumption
O 15%~20% above the average energy consumption level

MPC Enablmgechnology of Savmg Energy
and Increasing Profit
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‘Control System: Big Investment

1. Typical Control Loop Investment: $25,000
(ABB Company)

O Hardware: Including valve, sensor, controller etc.
O Software: Control algorithm, SCADA system etc.

2. Typical Petrochemical Process:
10%2~103 Loops

Improperly Working
Control System




However:

1. Fewer and fewer adequately educated control
engineer

2. Average control engineer responsible > 100 loops

Short of Maintenance

¢

Control Performance Reality: Not Good
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PID Loop: Basis of MPC

PID: Execute MPC command

Local equipments
economic optimization l
| A
I [ ] [ ]
J : Good PID prerequisite for
Double-layer MPC GOOd MPC

(Minute) l
| A

Y _ : Regulatory performance of PID:
loon (aacondy How accurate can PID follow
MPC command?

Ruowei Fu, Lei Xie, Zhihuan Song, Yong Cheng. PID control performance assessment using iterative convex
programming. Journal of Process Control, 2012, 22: 1793-1799.




PID Regulatory Performance
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Process Step Response

» Nonparameter-Model Based
> Applied to any order process

Good or Bad?




CPA of PID

Good or Bad?

|

Find the benchmark:
Minumum Output Variance

min n"(1+SC) '(1+SC)"'n

Nonconvex!



CPA of PID

Good or Bad?

|

min n"(1+SC) '(1+SC)"'n

Nonconvex!

) ot 750, A= H(GGT)o(QVQT)HT

Schur [:T :} >0,
Complement

V x
V>0, [T ];o
x' 1

trace(V) < x'x.

Nonconvex Constraints 10



CPA of PID

Good or Bad?

Lagrange method
& Fixed-point Alg.

mcin n"(1+SC)~ 1+ SC)_ln m—) St 220, A—H(GGC")o (QVQ')H
I Schur [:r :} >0,
Nonconvex! Complement

V x
V>0, [T ];0
x' 1

trace(V) < x'x.

Nonconvex Constraints 11



CPA of PID

Good or Bad?

min n"(1+SC) '(1+SC)"'n

Nonconvex!

x®) = argmin z + A(trace(V) — (ZXU“UTX — x(k‘”Tx““”))
A xV,z

st. z=0, z<[a2]*D,

A =H((GG") @ (QVQ)H',
A n >0 vV x =0
nl z| 7 xI 1|7

V=0, [V];=1 x=[V],

Lagrange method
& Fixed-point Alg.

) ot 750, A= H(GGT)o(QVQT)HT

Schur [A n}:m

nl z
Complement
Vo, [ﬁ.xlzo
x' 1

trace(V) < x'x.

Nonconvex Constraints 12



CPA of PID

Good or Bad?

min n"(1+SC) '(1+SC)"'n

Nonconvex!

x®) = argmin z + A(trace(V) — (ZXU“UTX — x(k‘”Tx(k‘”))
AxV.z

Succesive Convex
Problem

L 4

V=0, [V];=1 x=[V],

Lagrange method
& Fixed-point Alg.

min 2z
Ax,V,z

) ot 750, A= H(GGT)o(QVQT)HT

Schur [:r :} >0,
Complement
V>0, [VT x];o
x' 1
trace(V) < x'x.

Nonconvex Constraints 13



CPA of PID

x®) = argmin z + A(trace(V) — (2x““1)Tx — xk=1 ]Tx““”))
A xV,z

Succesive Convex P

A =H((GG") o (QVQ' )H',

Problem ERME

n’ z xI' 1

V=0, [V];=1 x=[V],

Algorithm 1. The proposed iterative convex programming
approach

Initialization: (i) Set the numerical tolerance € and the maximum number of
iterations K(™®J; (ii) Compute an initial point x(?) according to Section 4.2; (iii) Set
the iteration number k=1,

°
ReSII:Z:)t'I: Solve the convex problem (19) to obtain the solution x(), Rea d I Iy S O Ive d !

Step 2: Compute the output variance [a;} ]”‘) with the obtained PID parameters

gk), C;k), c;k)}. and record the obtained results.

Step 3: Update the iteration number k=k + 1.
Until: [f{x®)) — fixk—1)| <€ or k> Kmax),

{c

CPA: Compare current loop output
variance with the benchmark




CPA of PID

Test on 100 typical single-loop

Case BKRs 03 (Algorithm 1) [c1, €2, c3] (Algorithm 1) A Time
1 3.0728 3.0728 [2.8407, —4.4056, 1.7485] 1 16.0
2 0.0310 0.0311 [1.9556, —3.6286, 1.6746] 1 170.6
3 3.0238 3.0442 [0.6315, —1.2380, 0.6065] 10° 43
4 3.4065 3.4081 [0.1353, —0.2521, 0.1169] 10 108.7
5 13.8077 13.8077 [0.7253, —1.2081, 0.5190] 103 466.8
6 87.7520 87.7380 [0.8305, —1.3958, 0.6070] 104 261.6
7 0.4247 0.4247 [8.0823, —13.1663, 5.5814] 1 296.2
8 3.2032 3.2032 [6.5331, —9.2362, 3.3574] 1 75.1
9 0.4268 0.4268 [8.2316, —13.7790, 5.9699] 1 202.2
10 0.0024 0.0024 [6.2862. —8.8138.3.1626] 102 5138

Can obtain the benchmark
accurately & quickly
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'MPC Performance Assessment (PA)

More Important & Challenging!
1. Widely applied petrochemical industry

O > 50 new projects/year in China
O > 400 in service in China

2. Control objective of MPC is highly related to
economic profit of plant

3. Performance may degrade quickly

O Typical 6 months good-performance-period after
commissioning

17



. Industrial MPC

Double-Layer Structure of Industrial MPC

Local equipments Local
economic optimization optimization
(hour)
|
' !
y |

Steady State Optimization
(minute)

SSO

Double-layer MPC | @ —-———----———-

Dynamic optimal control

DOC

! f (minute)
Y |
Basic loop
PID basic control loop dynamic control
(second)

Zhao, C., Y. Zhao, H. Su and B. Huang (2009). "Economic performance assessment of advanced process control
with LQG benchmarking.” Journal of Process Control 19(4): 557-569.

Liu, Z., Y. Gu and L. Xie (2012). "An improved LQG benchmark for MPC economic performance assessment and
optimisation in process industry.” Canadian Journal of Chemical Engineering 90(6): 1434-1441.




'DOC PA based on LQG

Given E{u?} < q,
what is minimum
of E{y?}?

&

Varying A
Solving the LQG problem

Q}+AEU

Process Dynamic Model
Ui,min < ui < U

<I>=E[Hy-ys

i, max

j,max

YJ.,min < Y, <Y

S

‘U—U

]

i

Obtain the MPC
Performance Limit
Curve

Variance

Minimum -

419



Economic PA of

‘Double-Layer Industrial MPC

Double-Layer Structure of Industrial MPC

Local equipments Local
economic optimization optimization
(hour)
|
' !
y |

Steady State Optimization

(minute)
Double-layer MPC | @ —-———----———-

Dynamic optimal control

! f (minute)
Y |
Basic loop
PID basic control loop dynamic control
(second)

What is the best
coordination of
the two layers?

4

Economic
Performance
Assessment

with LQG benchmarking.” Journal of Process Control 19(4): 557-569.

Zhao, C., Y. Zhao, H. Su and B. Huang (2009). "Economic performance assessment of advanced process control

Liu, Z., Y. Gu and L. Xie (2012). "An improved LQG benchmark for MPC economic performance assessment and
optimisation in process industry.” Canadian Journal of Chemical Engineering 90(6): 1434-1441.
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Economic PA of

. Double-Layer Industrial MPC

P m
_max AJ = C“) C(')u.S
j

sit. Dy Zk Dus
Au u —u
AY; =Y, -y

@:E[

JBI

Process Dynamic Model
Ui,min < ui < U
Y <Y

j,min < yj — 7 j,max

i, max

I/0 Variances
determined in DOC

Steady State Optimization
(SSO)

Dynamic Optimal Control
(DOC)

_SR]
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Economic PA of
‘Double-Layer Industrlal MPC

max AJ = ZC“)yJ ZC(')U

yJu O O
Yj

5.0y’ Zk Du;
Au u —u
AY; =Y, -y

’ s, >0 Best I/O Variances
5, =0 Coordination
o —f(s,)4—| | basedonlQG
_ Benchmark
SSO DOC




Economic PA of
‘Double-Layer Industrial MPC

Economic Assessment Indexes

A‘J E 2_2.5—
n <1 +
E 221 /
AJ il ,
AJr: Obtained
economic performance| ° |
2k &
198} vv#';
4],: Ideal economic 19 v Ach g'e;p;a;ﬂ ceamel Yy
1.85F timal operation conditio v
_performance ﬁ \uofgrif dlog?r i d|t|o |



Economic PA of

‘Double-Layer Industrial MPC

Application on Delayed Coking Furnace Control :

Residue oil

tank
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1, - Furnace Thermal Efficiency
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Economic PA of
‘Double-Layer Industrial MPC

Delayed Coking Furnace Control

3.6 F f
® | QG discrete points

34 ° LQG regression curve |
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Economic PA of

‘Double-Layer Industrial MPC

Delayed Coking Furnace Control

1 1 1 1 1 1 1
3 6 9 12 15 18 21

1 1 1 1 1 1 1
o 3 6 9 12 45 #=18 21 24
& B {h)

Furnace Output O,:
Thermal Efficiency:

4.6% — 3.5%
86.5% — 87.1%
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On-line Performance Improvement
‘of Double-Layer Industrial MPC

1. Requires an o
accurate process g
model

2. Computationally IS

demanding

Off-line Performance LQG Benchmark
Assessment

X. Cai, P. Sun, J. Chen, L. Xie, ILC strategy for progress improvement of economic performance in industrial model
predictive control systems, Journal of Process Control, 24 (2014) 107-118.
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On-line Performance Improvement
‘of Double-Layer Industrial MPC

Iterative Learning Control ik
(ILC) et
= Data-Driven [ o= ED -

" M Od EI - F ree % Up?élralt_)e):vel L%
|
l u lAyiil A y
‘ LO\Evl\t/aIrPét;veI V
On-line Economic =1 (32 ) v
Performance Cn Ve <
Improvement (EPI) e

X. Cai, P. Sun, J. Chen, L. Xie, ILC strategy for progress improvement of economic performance in industrial
model predictive control systems, Journal of Process Control, 24 (2014) 107-118.
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On-line Performance Improvement
‘of Double-Layer Industrial MPC

p m

max J = ch)yj > CVuf

uj j=1 m i=1
S S
st.Dy) =) k,Du
-
Al =1 150

‘Find Active Constraints‘

The Upper Level

I/0 variance from
the operation data
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On-line Performance Improvement
‘of Double-Layer Industrial MPC

max J= Zp:Cy)yj —Zm:CLf”uf

S S
yJ ,Ui ,O O
Yi u;

i j=1 m 1
st.Dy) =) k,Du’
i=1

Al =1 150

| Sensitivity Analysis |

¥

‘Find Active Constraints

ILC-based
DOC Weights Retuning

]

o[-

Process Dynamic Model
Uimn U <U

i,max

Yj,min < yj SYj,max

DOC .




On-line Performance Improvement
‘of Double-Layer Industrial MPC

max J—ZC“)yJ ZC(')U 1 S X

yUO'O'

StDy ZkDuS

AU U —U

AY; =Y -y}

Active Coﬁstraints

Relaxed
UY = U

>
o, >0

o =f(c ) I/O Variances
: : Re-distributed

SSO

32



On-line Performance Improvement
‘of Double-Layer Industrial MPC

Improved Economic
Performance

Active Coﬁstraints
Relaxed

-~
UY = U

>
o, >0

o, =1(o,)

SSO

I/0 Variances
Re-distributed
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MPM Detection for MPC Using

MI

1. Model is the core

of MPC

O MPC heavily relies on
an accurate model to
Bredlcjc the process

ehavior

Model Plant
Mismatch (MPM)
is the No.1 root
cause of poor
MPC control
performance

High output constraint

Setpoint c 00 00 00000
o ®

o Predicted output
Low output constraint

L U S
High control constraint
Control moves
1 LAl __ Low control constraint
T
Past Future k+M-1 k+P

G. Chen, L. Xie, J. Zeng, J. Chu, Y. Gu, Detecting Model-Plant Mismatch of Nonlinear Multivariate Systems Using
Mutual Information, Ind Eng Chem Res, 52 (2013) 1927-1938.
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‘Mutual Information: I(X;Y)

= Given two random variables X,Y
I(X; Y)=H(X) + HY) — H(X,Y)
HX) = = [p(x) log(p(x)) d
H(Y) = — f p(y) log(p(y)) dy

H(X, ¥) = = [p(x, ) log(p(x, ) dv dy

MI quantify the information shared by
XandY
I(X;Y) =0 iff Xand Y are independent




MPM detection using MI

B

- Go ><+>

No MPM: e = vindependent of u,
I(e;uy) =0
MPM: I(e;ud) + 0
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MI Estimation

= MI Estimation
= K-nearest neighbor approach

Z [y (n()) + w(n ()]

106 Y) = wk) — % %

+ w(N)
= MI Statistic Confidence Limit

= Surrogate data approach
IAAFT: iterative amplitude adjusted Fourier Transform



MPM Localization using MI

| MIMO System

U Uy, U,

U, U, U, If I(e; ud;) + 0, then
R 22 the jth column of
Agll AgIZ Agln —4 AG(:;].) * 0,

0 0 0 [—e
_Agml Ang o Agrm_ _>em
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Industrial Application:
Polypropylene Process

Polypropylene: General Purpose Plastic

D200 R200 R201 R201 D301
N N (O
\\
Catalyst ‘@ L __//__\\_ 11 1 ﬂ 1L ( }

= .
Ll -~ Lﬂ
Propylene monomer \T/ \T/ \_/ 7/

Double-loop liquid propylene polymerization plant of SINOPEC Co. Ltd. (Zhenghai)

40



'MPC for R201, R202

Table 1. MVs and CVs of the MPC for Tubular Reactors

variable description
MVs
MV1 flow of hydrogen
MV2 flow of propylene monomer
CVs
CVl1 concentration of hydrogen

C\V2 density of slurry

41



MPC Performance
Slurry density: Important quality Index

54 |
(a)
52+

46

48} -

| | I | | | I | |
0 100 200 300 400 500 600 700 800 900 1000

Control results of MPC at early
commissioning stage
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MPC Performance
Slurry density: Important quality Index

54

52k M
501
48+

i

46 | | | | | | | |
0 100 200 300 400 500 600 700 800
Time in [min]

|
900 1000

Control results of MPC after
commissioning for 7 months
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MPM Detection of R201

MVl MV2
o \/\/\/\
el
0 | T O L ‘ M
0 10 20 0 10 20
0.2+ 0.2
q-)('\l
0 W_/\'/\/ 0 \’\/'/\/\—’\/\
0 10 20 0 10 20
time delay time delay

MPM exist in the channels of
MV, - e, and MV, — e,
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MPC Performance after
. Maintenance

53
52¢
51}
50

49Jﬂ
48

470 100 200 300 400 500 600 700 800 900 1000

Time in [min]

A

|

b I W ﬁ M[\ Jﬂ{ kﬁ\ ”{

Control results of MPC after
model re-identification




Thank You!



