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Auﬂ Overview
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1. Dynamic Optimization and Nonlinear MPC
- Vehicle for dynamic optimization on-line
- Need fast on-line computations
- Need to enforce stability and robustness

2. NMPC for CO, Adsorption/Capture

- Time critical PDE modeling and control
- Fast NMPC and MHE with advanced-step concepts

3. Economic NMPC for Distillation

- Concepts for dynamic optimization and stability

- Ensuring (robustly) stable eNMPC formulations
- Performance comparisons

4. Hydraulic fracturing and NMPC

- Solution strategies for multistage NMPC under uncertainty model
properties

- Guaranteed performance under uncertainty



Nonlinear Model Predictive Control (NMPC)

NMPC Estimation and Control

d : disturbances

A\ 4

Process

z : differential states Why NMPC?

y : algebraic states

u : manipulated
variables

Ysp : S€t points

Model Updater
7= F(z,y,u,p,d)
0= G(z,y,u,p,d)

min
u

Track a profile

Severe nonlinear dynamics (e.g,
sign changes in gains)

Operate process over wide range
(e.g., startup and shutdown)

NMPC Subproblem

Nyt )=y G + Y lutt,, ) -ult,,; )G,
J J

Z'(t) = F(z(t),y(t),u(t),t)
0=G(z(1),y(t),u(t),t)
2(t)=2z(t,)

Bound Constraints
Other Constraints



Nonlinear Model Predictive Control (NMPC)

Dok 58] 57} L S teep ¢

Input horizon

Output horizon :
P

. S 2 2
min EII Wt )= y* I, +2|| u(t,)-ult,, )l
J J

Z'(t) = F(z(t),y(t),u(t),t)
0=G(z(1),y(t),u(t),t)
Z(t) = Z(tk)

Bound Constraints
Other Constraints

S.L.



Aﬁ; MPC - Background

Embed dynamic model in moving horizon framework to drive process to desired state
- Generic MIMO controller

- Direct handling of input and output constraints
- Relatively slow time-scales in chemical processes

Different Model types

- Linear Models: Step Response (DMC) and State-space

- Empirical Models: Neural Nets, Volterra Series

- Hybrid Models: linear with binary variables, multi-models

- Nonlinear First Principle Models — direct link to off-line planning and optimization

* Nonlinear MPC Pros and Cons

+ Operate process over wide range (e.g., startup and shutdown)

+ Vehicle for Dynamic Real-time Optimization

- Need Fast NLP Solver for Time-critical, on-line optimization

- Computational Delay from On-line Optimization degrades performance



Model-based Estimation and
Control: MHE and NMPC
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Advanced Step Nonlinear MPC (zavala, B., 2009)

Solve NLP in background (between steps, not on-line)
Update using sensitivity on-line

x(k) Xi+1|k |
| ury
u(k) EUL
tk  ter tke2 T
k+N-1
min  J(x(k), u(k) = F(Xp)+ DW000)
I=k+1

st. X =|f (x(k),u(k)
X =S Vi), = k+1,.k+N-1
X €Xs Vi €U, Xpni € X

Solve NLP(k) in background (between ¢, and 7, ;)




Advanced Step Nonlinear MPC (zavala, B., 2009)

Solve NLP in background (between steps, not on-line)
Update using sensitivity on-line

.

Xk+1 |k

x(k) x(k+

u(k+1)

e
-

S
™~

Solve NLP(k) in background (between 1, and ¢, ;)
Sensitivity to update problem on-line to get (u(k+1))

tk+N



Advanced Step Nonlinear MPC (zavala, B., 2009)

Solve NLP in background (between steps, not on-line)
Update using sensitivity on-line

|
|
Xk+2 | k+1 :
|
x(k) x(k+1) :
1
u(k+1) N _2uN_1 :uU
u(k) g
t tkier T2 k+N TN
min  J(x(k+1), u(k+1)) = F(x yon)+ Ew('xllkﬂ Vikar)
I=k+2

St Xoun = J(x(k+1),u(k +1))
Xpoens =S V), 1 = k+2,..k+N

X EXo Vi €Us - Xpowia € X | Also extends to Advanced Step

MHE to update ka_I and Iy,

Solve NLP(k) in background (between 1, and ¢, ;)
Sensitivity to update problem on-line to get (u(k+1))
Solve NLP(k+1) in background (between ¢, ; and #,.>)




PR..  CAPRESE: Control and Adaptation with
PREdictive SEnsitivity (David Thierry)

C:itr(()ﬁr)lput Pro cess meguge]:”t)ents
Controller Tk, Wk State estimator
[Compute controller input] glslgnclﬁsttegrﬁgﬂggs [Compute the current state]

v

Tk, Wk
estimated states
and disturbances

P Reference- 1
steady states C OmputatiOn

DynGen NMPCGen MHEGen

PlantSample create_olnmpc() create_lsmhe()
PlantPredict initialize_olnmpc() init_Ismhe_prep()
cycleSamPlant() % load_init_state_ () » patch_meas_mbhe()
update_u() sens_dot_nmpc() set_covariance_()
noisy_plant_() find_target_ss() check_bnd_noisy()
plant_uinject() change_setpoint() load_cov_prior()

update_state() print_r_nmpc() sens_dot_mhe()




[ NMPC for CO, Capture (Bubbling Fluid Bed)
(Thierry, B.)

Output
[Gas-oul] CO2 capture
« Set-point on CO, removal R
fraction A N ontrol
« Controls: valve opening inlet [Solids-in]
and outlet gas =
» Discretized with 5 spatial finite
elements and 3 point Radau [Cooling Pipes]
collocation in time
« 315 states for the current UL J—
. . . \ [Solids-out]
discretizaton T
« Full-state feedback control,
stage cost tracked in objectivezontrm/ """ | 1Gasin]

* 46510 var. / 46500 egns.



Bubble Fluid Bed MHE Results:
Ideal vs. asMHE

%1073 Estimation error

47 — Average CPUs
35 advanced I d ea I
MHE | asMHE

IPOPT 9.23 9.23

k_aug (rH) 13.02 | 13.02

lerror

|

k_aug (sens) 0 12.99

l

dot_(online) 0 2.4

ML

Online Cost | 22.25 2.4

|

i “.A I \l

i

L /| 1 1 1 1 1 1 1 J
0 100 200 300 400 500 600 700 800 900 1000

0

sampling time (120s)

« Use predicted measurement to solve NLP offline (IPOPT)
« Update optimum estimated state on-line using NLP
sensitivity correction (sIPOPT/k_aug)

 asMHE: similar performance at ~10% online cost



asNMPC vs Ideal NMPC (noise: 0 = 1%)

BFB Results: asNMPC: similar performance
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Average CPUs

Ideal NMPC| asNMPC

IPOPT 6.37 6.37

k_aug (rH) 0 0

k_aug (sens) 0 5.6

dot_sens (online) 0 0.3

Online 6.37 0.3
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asNMPC vs Ideal NMPC (noise: 0 = 1%)

BFB Results: asNMPC: similar performance

0.55

(

1

= ‘

« Use predicted state to solve NLP offline (IPOPT)
« Update optimum control on-line using NLP sensitivity

correction (sIPOPT/k_aug)

« Similar Performance with < 5% of on-line computation

035 |\
T T v
o 0 @ éo sa‘t‘r(r%plingotimeé0 7 & 50 10 75,
Average CPUs or Input 2

Ideal NMPC| asNMPC £
IPOPT 6.37 6.37
k_aug (rH) 0 0 i
k_aug (sens) 0 5.6 ul
dot_sens (online) 0 0.3 IR W L R R R
Online 6.37 0.3




Aﬁ‘} D-RTO with Economic Objectives - Beyond NMPC Tracking

W Benefits of combining RTO with NMPC?
Plant *Direct, dynamic production maximization
APC *Remove artificial tracking objective
— y *Remove artificial steady state problem
u
RTO ’ DR-PE g
c(x,u,p)=0 c(x,u,p)=0 pc M, el
u [ |
y
D-RTO
DR-PE

A

c(x,x ,u,p)=0 D c(x,x ,u,p)=0




Economic NMPC (eNMPC)

NLP formulation

N-1
min = W(z, )+ > y(z,,v,
/=0

VI,ZI

st. z,,=f(z,v,),l=0,.,N-1
z, = x(k)
z, €EX,velU,l=0,..,.N-1z, €X
where (X, u), ¥(x) are economic terms
Challenge: a,(|x]) = w (X, u) £ ay(]x|) no longer holds

NMPC Stability Results do not carry over to eNMPC

Can be overcome by regularizing stage costs, compromise D-RTO



«.w Reformulation of eNMPC with Stability Constraints
(Yang, Griffith, Zavala, B., 2019)

N-—1
min Y ¥ (zi,v)
[=0

2V

st: o=z, 0 =0,... . N—1
0 —X§
zeX,velUl=0,...N—1
N = %5

N—1
Y v (z,vi) =V (k—1,Wk_1,X0)
i=0

< -0y (Xp—1,Up—1)

= Add strict decrease of tracking Lyapunov function
= No regularization applied, no modification of economic stage costs
* Leads to nominal and ISS (robust) stability results!




Economic NMPC: Two Column Distillation
(Yu, Griffith, B., 2020)

&

LT1] [D1]xA b2iks  ° 41 trays, 246 states
* 4 manipulated variables: LT1, VB1, LT2, VB2

e 3 output variables: D1, D2, B2
* Additive noise in model

* Hessian of Lagrange function of steady state
ﬁ—/ problem has A, =-1.414
5 * Min —(Net sales)

min, J(u) =ppF +py(VB1+VB2)— (paD1+ ppD2 + pcB2)

s.t. Massbalance, Equilibrium

F,qF B1

rA 2> LA min, LB > LB min, £C > LC,min
0< LT1,LT2 < LTpaz, 0 < VB1,VB2 < VBaa

R.. B. Leer. Self-optimizing control structures for active constraint regions of a sequence of distillation columns. Master’s thesis, NTNU, 2012.



Aﬁé Comparison of eNMPC Reformulations
* Baseline tracking to steady state optimum
e Pure economic NMPC has best economic performance, but

no steady state nor stability guarantee
eNMPC-sc similar to pure economic case, goes to steady

state, robustly stable!
Regularization of stage costs (eNMPC-rr, eNMPC-fr) improves

over tracking with intermediate results

k=9,N=25 |¥K (we(xp,u) — we)|Average CPU sec.
Tracking -20.7330 69.0
eNMPC-Ir -22.6000 72.0
eNMPC—-rr -26.2324 181.8
eNMPC-sc, 0 = 0.01 -28.6706 309.2
conomic -28.040 2123




A@' Standard NMPC — Treatment of Uncertainty?

Uk+2, dk+2 Uk+3, dk+3 Uk+4, dk+4
Uk, d, Uk+1, di+1

Xk Xk+1 Xk+2 Xk+3 Xk+4

Nominal models with optimal performance
Sensitive to disturbances, model mismatch, uncertain inputs, etc.



Multi-stage MPC (msNMPC) — Stochastic
Programming Formulation (Lucia, Engell et al., 2013)

Scenario branching: effect of uncertainty while optimizing control

input
Xier (diso, Upsz)  Xke3
+ ol
(Cicet, Ugs1) i >
Xk+1 @ @ >
@ B @ - »@----------- >
d, u ’
(o uy) e
Xk Q@ - @ >
@ @)=z Iii r @)=z @ >
@ RS  EEEEEEEETEE >
@ .
@ >@ . @ >
‘*.-EE ————————————————————————— }.» ----------- >
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Multi-stage MPC (msNMPC) — Stochastic
Programming Formulation (Lucia, Engell et al., 2013)

Scenario branching: effect of uncertainty while optimizing control

input
Xis ==+ (k2 Ukr2)  Xkes
+ vl@y-----—-————-—-
(dk+|:l__l*_’l;+1) N @ >
Xk+1 : :_,_,_» " """ :_]t:_‘"{ --------------- r@--------- >
: i P
(di Uy e — S @ L) > @mmmmeee- >
R :---‘l —*"‘—-;_’. -
I I// ——— -
Xk 1 I I A @ >
e 1 Ay
e T e r@-=ssiio-- }~~1 --------- u.«z~f$-~$ -------------- @ >
~o_1 1 -1 a ~
:} :___j @ :___j > @----------- >
I g-) -
= H 'E'/ »>@ .
s -T ==2
g R N NS B @ 1| @ >
H —:“\—“‘mp‘_::::ii'l__:____jl':__ _____
t--- 1} ffffffff @ - >
:____! @ >
Non-anticipativity: control inputs from same node set equal until uncertainty is

realized

22



Aﬁi} Parallel KKT Decomposition for Stochastic Optimal Control

SOC problems become very large very quickly.
* Problem size (spatial discretization) x time discretization x # scenarios

Parallelize solution with Schur-Complement decomposition

» Schur-Complement based interior point algorithm using PyNumero and Parapint
» Exploits structure of KKT system induced by scenarios

+ Parallel implementation using MPI

Can be accelerated through scenario generation and sensitivity assisted decomposition

Newton Step Schur Complement
- Ko . No7 [AsgT rgl DLNTKIWNoy =) (NTKZ're)
K, ... Ny Asq - ceC ceC
: . - Backsolve
K. Nc A.Sc T-C K.As, = —(rc+ Ngv), Vee C
NI N L.ONT Ly L9

Rodriguez, J., Parker, R., Laird, C., Nicholson, B., Siirola, J., Bynum, M., “Scalable Parallel Nonlinear Optimization with PyNumero and
Parapint”, under review, http://www.optimization-online.org/DB_HTML/2021/09/8596.html. 23



Aﬁé eNMPC under Uncertainty:
Hydraulic Fracturing for Natural Gas Extraction
(Lin, B., 2022)

« Advantages
1. Increase production of hydrocarbons

2. Considerable economic benefits

» Difficulties and concerns
1. Extremely high pressure (625 atm)

2. Rock formation is nonhomogeneous




Hydraulic Fracturing Model

Fluid Injection Fracture
\ \

Fracture geometry by PKN model

yYX Well\
Local mass balance i

9, 4 428 -~ L=
= Tt =0 |
dx at /
- 1li =f
Global mass balance Tip = Ellipse Area = f (w)

Qleakoff il Astorage = Ytotal .
- * Drag reduction caused by FR

Mass transfer )
- Proppant, C, 1 " 1 L [‘? 3 Iy I _AQ
- Friction reducer (FR), Cer DR DRiim ReCpr  Re  CFpr

Changes of fluid properties

Den * Wellhead pressure
+ Density

- Viscosity Preaa = Prr(t,x =0)+ 0 — pgHyeii + Prrict

25) 5
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 PKN model
2wt  ow

- + —=0
2uHT3(1 —v?) 0x? ot

L
t
fv_vdx= qL
0 H

* Mass transport
2E]

— —2
vslurry - n3uH(1—v g) w

Q|
><|€|

_ (1=Cy ) (psa = Ppr) 9 42
Vs = 101.82 Cp 18 U
- (1 - Cp)vs

Ue = vslurry

ao(wcC o(wC,v
(WC,)  OWCve) _

ot ox
0(wCgg) N 0(WCrgrv,) —0
ot ox

Hydraulic Fracturing Model

Changes of fluid properties

Drag reduction
1 Cpgr+ K, DRy

DRyin Cpr

Aphead == A PS (1 - DR)

Wellhead pressure

l6uqrHy ey
TR*

2|

(1 - DR)

P =
S mH(1=[v?)

IC1:L(t=0)=0
IC2: W (t =0,x) =0
IC3: C, (t=0,x) =0
IC4: Cpp(t = 0,x) = 0

BCl:w (t,x =L) =0
BC2:q (t,x =0) = qf
BC3: C,(t,x =0) = C,
BC4: Crr(t,x = 0) = Cpp

W+ 0—pgHyey + Prr

26
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Closed loop control of hydraulic fracturing process
Standard eNMPC

Goal: minimize operation time with ~ * Endpoint constraints: L, w, My,
the least amount of FR « Shrinking horizon:
y(v) =W +qp()Crr(1))l  for standard NMPC * Horizon shrinks one step at each time
(V)= (W+C];'(/)CA';R(/))IIZ for multistage NMPC « N=35 —k, hki sampling time
Control input: gy, C,, Crg * Uncertain parameter:

Young’s modulus, E (Pa)

rrocess stater i Gy G e

Operating constraints 5% 2.28 x 1010
Max. Unit Nominal 2.40 x 107
P oail 6.34 x 10° Pa +5% 2.52 x 10"
qf 15.9 m?> /min
Coropp 10.0 ppga * Discretize the model
Aqf 3.18 m? /min? T :
: : * Space: finite difference
ACpropp 1.25 ppga/min

* Time: implicit Euler discretization

27



sNMPC, nom

Wellhead pressure

Standard NMPC under uncertainty

80

sNMPC, min

Wellhead pressure

| sof

sNMPC, max

80 ‘Wellhead pressure

60

40 1 40t 40
o x 1010 7 1010
20' 20,
" | | ! | ; ‘ | | | | ‘ =~ upper bound
0 10 20 0 40 50 6 70 S5y 3 4 5 6 70 o 10 2 3 40 50 6 70
Time[min] Time [min] Time [min]
i3 b AR No=1 o+ (k)Crp(k)!
' w Mpr=ny || Dokeo Pk | Dokeo 97(k)CFER(K)As
unit m mm ton min kg
Goal 495.4 - 3282 - -
sNMPC, nom 495 .4 satisfied 328.2 70.00 4.416
sNMPC, E, .. || 494.7 satisfied 328.2 70.55 4.228
sNMPC, E, 500.3 || not satisfied 328.2 70.00 4.416

e Standard NMPC performs well
without no process-controller
mismatch

« All final requirements are
satisfied

* Wellhead pressure remains
within the bound

* When parameter mismatch
exists, standard NMPC fails to
meet the final requirements

* Pressure violation occurs in the
max realization case

—> Dangerous

28
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Multi-stage MPC (msNMPC) — Stochastic
Programming Formulation (Lucia, Engell et al., 2013)

Scenario branching: effect of uncertainty while optimizing control

input
Xis ==+ (k2 Ukr2)  Xkes
+ vl@y-----—-————-—-
(dk+|:l__l*_’l;+1) N @ >
Xk+1 : :_,_,_» " """ :_]t:_‘"{ --------------- r@--------- >
: i P
(di Uy e — S @ L) > @mmmmeee- >
R :---‘l —*"‘—-;_’. -
I I// ——— -
Xk 1 I I A @ >
e 1 Ay
e T e r@-=ssiio-- }~~1 --------- u.«z~f$-~$ -------------- @ >
~o_1 1 -1 a ~
:} :___j @ :___j > @----------- >
I g-) -
= H 'E'/ »>@ .
s -T ==2
g R N NS B @ 1| @ >
H —:“\—“‘mp‘_::::ii'l__:____jl':__ _____
t--- 1} ffffffff @ - >
:____! @ >
Non-anticipativity: control inputs from same node set equal until uncertainty is

realized

29



Closed loop control of hydraulic fracturing process
Multi-step eNMPC

* Endpoint constraints: L, w, M,

Goal: minimize operation time with

the least amount of FR
w(v)) = (W +q(1)Crr(1)) I for standard NMPC

 Shrinking horizon:

* Horizon shrinks one step at each time
. e ) * N =35 —k, h;: sampling time
v(v)) = (W +4q5(D)Crp(1) )N for multistage NMPC

_ A A * Uncertain parameters:
Control input: g¢, Gy, Cpp

Young’s modulus, E (Pa)
Poisson’s ratio v

Process state: L, w, Cy,, Crr, Pheqa

* Space: finite difference

Operating constraints 5% 2.28 x 1010 0.19
Max. Unit Nominal 2.40 x 1010 0.20
Preaid 6.84 510" Pa +5% 252 x 1010 0.21
qf 15.9 m?> /min
(C'p ropp 10.0 ppga
Aqf 3.18 | m?/min’ * Discretize the model
Vi (6 — .75 ppga/min

e Time: implicit Euler discretization

30



Guaranteed Performance under
Uncertainty

N,=1,d=E N.=2,d=E N,=1,d = [E,v|"

Wellhead pressure '

Wellhead pressure

80

r

Wellhead pressure

80 80
o ol = “* Multistage NMPC for
2 probabilistic simulation
&w ul g performs well even when
£ uncertainty is random and
2 5 % time-variant
0 A s 0 , | Ewrtond | | | | | =T +* More degrees of freedom
0 20 40 60 0 2 40 50 0 10 2 3 4 5 60 70 ) ) )
Time [min] Time [mir] Time [min] are required to maintain
robustness when two
L{m| w | M, ton] E?:o hi, [min) Z‘,?:O Crr(k) [ppm] uncertainties are involved
. it i o ?28'2 . » % No significant performance
er =1,d=F | 506.8 sat%sﬁed 328.2 72.17 179.51 difference between robust
N.=2,d=F | 506.6 | satisfied | 328.2 72.16 181.44 horizons N..= 1 or 2
N,=1d=[Ev]" | 5086 | satisfied | 3282 7222 195.06

31



Aﬁ% Summary and Conclusions
Dynamic optimization facilities implemented in IDAES
- Using PyomoDAE, CasADi and CAPRESE tools

Demonstrates advantages of full discretization optimization approach
- Leverages capabilities of large-scale decomposition & algorithms

Extends online dynamic optimization under uncertainty and robust NMPC

Demonstrated on challenging non-conventional energy applications
- CO, capture in BFBs (demanding first principle PDE models)

- Real-time dynamic optimization for distillation systems
- On-line optimization for Hydraulic Fracturing (uncertainty guarantees)




