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Global Climate Gas Emissison by Sector — 51 Gt CO2 to zero
World GHG Emissions Flow Chart

Sector End Use/Activity Gas
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Industry direct CO2 emissions

o
o
- - Cement & Iron and Steel more than 50%
10
Industry total: 8.5 Gt
8 Q@
Other industry Industry total.
Aluminium: 0.2 Gt
° Pulp and paper: 0.2 Gt
Chemicals and petrochemicals: 1.2 Gt
4
o Cement: 2.3 Gt More than 50% of
industrial emissions
, from Cement &
Iron and steel
Iron and steel Iron and steel: 2.1 Gt
! 20|00 20|05 20|1O 20|15 20|20 20|25 2036
Industry total ® SDS Iron and steel ® Cement Chemicals and petrochemicals
Pulp and paper Aluminium Other industry

IEA, 2020

April 26, 2023 Carnegie Mellon University — Center for Advanced Process Decision-making John Bagterp Jargensen: Model Predictive Control and Smart Manufacturing for Power-2-Ammonia



Digitalization, Control and Optimization — Model Predictive Control — for
CO2 Emission Free Cement Production

HE

Cement plant

+ CaCO3 + heat - CaO + CO2
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Dust

filter

Quary  Crusher Transport Mixing Raw Preheater Kiln Clinker Clinker Cement Cement silos /
bed Mill / calciner cooler silo mill Packaging

The ECOCLAY process
for partial substitution of cement clinker
g

Heat and power for cement

Simulation, control and optimization for
CO2 emission free cement production

« Cement production is responsible for
5% of the worlds CO2 emissions

vy g -, ‘ « Al-based MPC cement production
— O =W ec MP o !
| et — Applied to existing cement factories
Renewable power Electric heat generator Clay calciner Zero CO2 activated L. . .
and storage clay — Efficiency gains in the short term
' ] « ECOCLAY
— Electrification of cement production

— Thermal storage of renewable energy for
high-temperature industrial processes

* NewCement
— CO2 capture from cement plants

Oxyfuel combustion for CO2 capture

€O rich gas
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> DYNFLEX — Digitalization for Power-to-X Production
o
Electricity Methanol production -
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Electricity

Budget Partners Start Duration

@ %} . g Mathematical modeling, simulation, control and
% optimization for Power-to-X production

33.3 M DKK August 2022 3 Years

s IR saln LI « Forecasting and optimization-based control
MissionGfeenFuels o I N spus  ° Production of green fuels (H2, NH3, MeOH)

TS T e BT e, from renewable energy source (solar and wind)

DYNFLEX is the largest project in InnoMission Il
e & and conceived by DTU Compute

et et e et eraeet oo RS p EER EMD e Demonstration of controllers on real plants:
6] % B | | Power-to-Ammonia and Power-to-Methanol

200 M DKK 60 June 2022 60 Months
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Power-2-X for Green Fuels (H2, NH3, CH30OH)

Electricity Methanol production
Biogenic CO2 Methanol
— €
Hydrogen §
-
Transportation
> O Gl
H2 st E—===
. storage
Electricity ~ Electrolysis  Hydrogen
> = ——— E : ——
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Renewable Wat E%g o
energy aer > re xXygen Ammonia
ic air distillati 02 storage
4\ Cryogenic air distillation — = ——
Air Oxygen mgll-l P s n . ‘a

Electricit . — T
Electrioly | . S5

Nitrogen N2 storage

Electricity
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Control of Energy-Smart Systems

= Economic Model Predictive Control

Wind Power Forecast

g

power [% of Pn]
3 38883 388
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took-ahead time [hours]

Consumption Forecast
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< 2500 %T
% 2000
e LY

0 4 8 12 16 20 24

1500

Planning Tool

Unit Specifications

e Lﬁﬂﬁ
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The Faroe Island Power System
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Long term Sample time
forecast 24 hours

« Controlled the entire Faroe power m=> s comminen Pragcon
system for 3 months | : . .
. I [t

« Economic MPC system developed by o | o ity
— Orsted (Dong Energy)

— DTU Compute i vl r1 r ] -

Prediction
24 hours
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Disturbances
- wind speed
- amhient temp
- solar radiation
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NMPC based on SDEs
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Introduction to NMPC based on SDEs

— Model Predictive Control for Closed-Loop Performance

» Advanced Process Control / Model Predictive Control
— Estimation
— Experimental design (input design)
— System identification
— Control and optimization

» Model predictive control technology
= Mathematical / statistical models for

—Monitoring of key process variables (fault detection)
— Forecasting of key process variables.
— Control of key process variables by adjustment of process inputs
—Computer science for
* real-time systems
» Monte-Carlo simulation

« Continuous-discrete model — stochastic differential equations

:B(f:[}} = &y Ty ~ *'\'r(?f[}:f)[}}

_Tift =d iflusicm
de(t) = fle(t),u(t), d(t),)di + o(e(t), ult),d(t), O)dw(t) dw(t) ~ Ny (0, Idi)
y(ty) = glx(ty),0) + v(ty) v(tk) ~ Nid(0, R(8))

April 26, 2023
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Limit

Safety
Margin -

Targeio

APC
reduces
variation
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Reduced
variation
allows

operation
closer to
the limit

2

L L
2 25

Economic value
added by
feedback control
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Model Predictive Control Principle

Past Future
Reconciled Predicted 7z
° / -f =Naa
0/\ . SR e [ output
L4 \|\ / |
L) L Ll
ST

L/ time

A\

0 N O
L P
B -

Estimation

Estimation

Use historical measurements and

the model to compute the most
likely historical process trajectory
and process disturbances.

Data handling /
computations

Horizon
index

Estimation Regulation

-+ k-1 |« R >
| Estimation Regulation |
- k I: > e >

Estimaton o Re gulation !

u injected u

m Process time

Py
-

Regulation (control)

Select the future actuators of the
process such that the process
behaves as good as possible
according to some criterion (as
predicted by the model).
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Model Predictive Controller

A
A

OPC connection R | | | |

*

MPC server Basic control system
Process control computer

DCS System

Target PLC

Other data Lab

T Analysis

Calculation
Software
drivers for
measurement
devices
M Sensors
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Fast Algorithms for Model Predictive Control
- enable new applications

‘ _ OPC connection N ‘ ‘ ‘ D
[— W

MPC server Industrial control system

— ) pOASE S CN3 Process control computer
P—— FORCES PRO DCS system
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Estimation Regulation
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APC framework setup

W

APC

user-interface
module

v L o
Data S 03) Process

O n Plant

storage o 0
o € ol
O ®

APC
Process Control
module
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APC framework setup

Graphical
User
Interface

Host

h

Database

h

~ o Docker containers
\
\
|
—
= g
2 o Process
O N
O ® Plant
(al al
® e

Advanced
Process
Controller
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Remote monitoring
* Web clients

* High-level control room

« Management support

APC framework setup

Central storage and web

server

» Can be a web server that hosts
request (dashboard).

+ Can be database only (then the web
clients must run a local dashboard
client).

* All connections to the masteris
handled from Plant-Side for security
reasons.

Plant side
+ Self sustained local control system.

» Backup copy of database for failover
recovery.

+ Database client mirrors database to
outside server.

+ Database client writes high-level
settings to local master server.

Remote backup
* File System (Block

Database client

* Mirrors local master
database server

 Writes high-level
settings to local
database master server

a

A\ 4

2
Local Host

Device) Replication <

* Distributed Re%licated
Block Device (DRBD)

Database

P il Pl
—==== m====
( ' !
| Web Server I W
* Handles web client —
| requests :
| 7 Y
[ ¥ I
| |Database gy
: mirror I
I 1
I 1
I |
O S

...........

Graphical
User
Interface

!
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Docker containers

ks

docker

hY
Host machine :
<P 1
1
1
1
i

N,
————m

Database

OPC Client

OPC Server

Process

Plant

3
1

Advanced
Process
Controller
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Four Tank System APC — GUI

| Tuning | LOCAL MPC Ul @ o

CONTROL MODE

Tank 1 15 cm Tank 2 10 cm

® Water level ® Predictions @ 95% Confidence interval @ ® Water level ® Predictions @ 95% Confidence interval @
Setpoint . 00 Setpoint

18:35:00 18:40:00 18:35:00 18:40:00

Pump 1 ® Water infusion ® Predictions 83 cm?/s ® Water infusion ® Predictions 200 cmd/s

18:35:00 18:40:00 18:35:00 18:40:00

Range on x-axis: Manual infusion (pump 1) [cm?3/s]:

o
Setpoint (tank ) [em]: Manual infusion (pump 2) [cm3/s]:
Setpoint (tank 2) [cm]: Enter value AUtOI | |at|C
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. GUI .
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" \ _/ 1 Setpoint . 5010 Setpoint 0
1 1
1 1
' | Read/Write :
Y 1 '
1 1
1 1 =
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1
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1 1
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1 1
. APC .
| 1
1 1
1 1
L\ 1
~ ’
-~ -

April 26, 2023

Carnegie Mellon University — Center for Advanced Process Decision-making

John Bagterp Jargensen: Model Predictive Control and Smart Manufacturing for Power-2-Ammonia




=
—]
—

o
oo
- Advanced process control
Why use advanced process control (APC)?
« Squeeze and shift
« Anticipatory action (AA)
| == Process variable ~ =rr== Limit == Process average | AL~ wio AA W/ AA == Sefpoint
]
©
Without APC With APC With APC %
A High process variability Reduction of process variability] Shift average operating condition ;
o]
[
=
S
>
! Time
]
A 3
5
.................................................................... S
- - - - .
a
<
h— - - =
g=)
i > <
Frequency Frequency Frequency = >

Time
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Experimental data

— PID
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—— LMPC
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Time [min]

40

300

2001

— NMPC
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20 30
Time [min]
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>—= Analyzing the data
<
Z1—Z; =23 150 Auy 150 A
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o ]
25 25
0 +. ’ ! J.I 0 I||.|. . . 0, 0,
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Online Optimization and Control Room
— Center Denmark for Smart Energy System Optimization and Control
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Systematic Model Building

Experiment
Design
Experiment

+ |nitial guesses for P rtt 1 —' Execution

parameters
(literature, previous
experiments)

1

Accuracy
achieved?

Statistical Parameter
Analysis Estimation

Validated model
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LMPC - Step Response Experiments and Transfer Functions

5 [ [ [ [ [ [ [ [ [
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% 2% T L . o
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1 [ [ [ [ [ [ [ [ [
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[ [ [ [ [ [ [ [ [
=
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<
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S 15 i
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=
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LMPC - Data based prediction models

Ay = Bl@u(n+e(r) ¥ =B(@Au@ny+er) YO =Bl@un)+e(r)

o

=R Step Impulse
§ ¢ % ARX Response Response
T . .
% sk R 3 p 7 K S + 1 _
$ 5 et ma G (S) = ('13 ) T e ) ﬁx(r) =[Fx(t)+ Hu(t)| dt + odo(t
[ [ [ ) [ [ (T]_S +r )(Tzrs + )r A(Q)Y(I) = B(q)u([) i C(q)e(t) V(f ) = CX(I )+ V(I )
1o 20 40 60 80 100 120 140 160 180 200 y R s k
State Space| _
ARMAX > Model SDE
;‘f r B(g) Cla) 2(s) = G(s)u(s)+ H(s)e(s)
5 Y(f)=rq)u(t)+yq)e(f) y(t,) =z(t,)+v(1,)
2151 ,
g X,,, = Ax, + Bu, + Gw,
Transfer
[ [ [ [ [ r [ [ [ BO¥- yk = CX;\. + V,\. Function
Yo 20 40 60 80 100 120 140 160 180 200 Jenkins

The models for filtering and prediction are

« Adaptive

- Data-based

« Combines a-priori (model) and a-posterior (data) information
 Able to predict the mean values and the uncertainties

April 26, 2023
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Multivariate step responses
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Multivariate step responses
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G(s) =

Multivariate step responses
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Process inputs and outputs
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mk+n+l - ﬂmk-l-n + Buk-'_n} n = [I}jN 1]} 1131 G(s) K beta taul tau2 tauD
2ktn = CZrin, n € [0, N], Wew  sem e a0 e
- 17 G13 1,210 0 20,000 0 25,000
Umin < Ukin < Umax, n € [0,N —1], D= w0 @m0 o
— Aty < Atpin < A, nel0,N—1], alea D 0 @3 2
22 G24 0,500 0 20,000 0 0
-
Zkin + Skin = Zmin; n € [0, N], = = = T
—sz.ﬂ, + tk-'—ﬂ_ E _.Z:m,;]_x-_u T E [U‘, Ar]-_u 2: z:: Essg g igggg g g
27 G41 1,000 0 20,000 0 105,000
(8ktnsthin) = 0. n € [0, N], aloa o 0 Zm 9
30 Ga4 0,003 0 20,000 0 0
il
| A | B | ¢ | b | E | F | ¢ | H [ v | J | k | L |

N

Process inputs Name N u_min u_max du_max Q du

9 [F_gs Gas flow rate m3/h 2200.00 0.00 3000.00 150.00 1.00
10 [F_o,s Qil flow rate m3/h 1800.00 0.00 2500.00 90.00 1.00
11 F_w,s Water flow rate m3/h 280.00 0.00 500.00 30.00 1.00

12 |[F_m,rec Recycled fluid flow rate m3/h 2.00 0.00 10.00 1.00 1.00

L z_min z_bar Z_max Qz g_zmin Q _zmin g_zmax Q zmax

15 P_s Separator gas pressure bar 8.00 4,00 8.00 4,00 100.00 1.00 100.00 1.00 100.00
16 |L_o Separator oil level m 2.20 0.20 2.20 0.30 100.00 1.00 100.00 1.00 100.00
17 Lw Separator water level m 1.50 1.40 1.50 0.30 100.00 1.00 100.00 1.00 100.00

18 [C_o,h Qil-in-water concentration ppm 30.00 5.00 30.00 5.00 100.00 1.00 100.00 1.00 100.00

April 26, 2023 Carnegie Mellon University — Center for Advanced Process Decision-making John Bagterp Jargensen: Model Predictive Control and Smart Manufacturing for Power-2-Ammonia
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Squeeze and Shift

Operational constraint

100

=,
| -
k=]
3]
@
L. Average
=
=
o
@
o
@
O
Normal operation Automatic control Optimized automatic control

90 )
Time
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Long-term Benefits

Good support,

A
Commissioning 2-3 years
< > » online monitoring { 109%) >

E /
LE Support,
a no monitoring (25%)
@
o _— -

Mo monitoring, Foor support,
no support (25%) no monitoring (40%)
'

Time

Carnegie Mellon University — Center for Advanced Process Decision-making
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Implementation of optimizing control — NMPC
— can be implemented as simplified controllers

'From simple via complex to lucid’

COMPLEX

Performance/
Complexity

SIMPLE

N
\ 7 I4

(- Time
Q ; Stoustrup (2013)




DTU High Performance Scientific Computing for Systems and Control in Biopharmaceutical Manufacturing
> Digitalization, Artificial Intelligence and Industry 4.0 for Biopharmaceutical Production
oo
MAD production
In a perfusion reactor
]
0.08 ‘ ‘ ‘ mENHPC : [ — = L )
o6l | L | /
+ 10,000 simulations of the fermentation process with =, | pamimsiomimines

Economic Nonlinear Model Predictive Control (ENMPC) =

and a base case strategy 002} — "-‘ -
* Increased mean production 0 Il . i - o
* Non-overlapping confidence intervals mADb [g]
mAb production
/ Mean \ min max Range Std / 95% CI\

ENMPC | 23.89 |[g] 18.83  [g] 3113 [g] 1229 [g] 1.59 [g] 20.78,27.04] |g]

Base case| 15.68 |[g] 12.69 [g] 20.56  [g] 787 [g] 099 [g] [13.75,17.61] J[g]

Increase 52 /) [%] 48 [%] 51 [%] 56  [%] 62 [%] [51,53] / [%]

April 26, 2023 arnegie Mellon University — Center for Advanced Process isi aking John Bagterp Jargensen: Model Predictive Control and Smart Manufacturing fi wer-2-Ammonia
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Model-based control
- and scientific computing
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Continuous-Discrete System - Stochastic Differential Equation System

m(to) ::i}.;] :il(] ~ N(fﬁg,ﬁn)

=cj:ift =diff35inn
da(t) = f(@(t), u(t), d(t),0)dt + o (@(t), u(t), d(t), 0)dw(t) dw(t) ~ Niq(0, Idt)
y(tr) = g(@(ty), 0) + v(ty) v(ty) ~ Niia(0, R(0))

2(t) = h(x(t),0)
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Stochastic Continuous-Discrete Dynamical Model

» Ordinary Differential Equations (ODEs) and output equation

:.i’.'(.‘(,“) = ;f.'”
de(t) = f(x(t),u(t),d(t),0)dt
y(tk) = g(z(tx),0)

» Stochastic Differential Equations (SDEs) and output equation

ic(t(]) = T To ~ J\’(:f:(], f}(])

=drift =diffusion
dz(t) = f(x(t), u(t), d(t),0)dt + o (x(t), u(t),d(t),0)dw(t) dw(t) ~ Ni;a(0,Idt)
y(tr) = glx(ty),0) + v(ty) v(tr) ~ N;iiqa(0, R(6))

» Euler-Maruyama Discretization (Explicit-Explicit)

o = ’iﬁ'u 'i?i] ~ j\’r(i'(]« f)(])
T4l = T + _,r(i-!!,;\b-1 U, e, 9)&-', + J(:Bk1 up, dp, H)ém:k ﬁwk ~ f\'r,gm_((h fﬁf,)
Y = g(xyp, 0) + vy v ~ Niia(0, R(0))

April 26, 2023 rocess isi aking John Bagterp Jargensen: Model Predictive Control and Smart Manufacturing fi wer-2-Ammonia
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Continuous-Discrete Extended Kalman Filter (CDEKF)

P Continuous-Discrete Stochastic Model

x(tg) = 20 &0 ~ N(&o0, Po)
dz(t) = f(@(t), u(t), d(t), 0)dt + o(x(t), u(t), d(t), 0)dw(t) dw(t) ~ N;;4(0, Idt)
y(tr) = g(=(tr), 0) + v(tg) v(tg) ~ N;iiq(0, R(8))

P Continuous-Discrete Extended Kalman Filter Algorithm (£g|—1 = %o, Pyj—1 = Po)

» Measurement update

. . . 9. .
Ui|k—1 = 9(Zk|k—1,0) Cr = a(fﬂmk—lsa)
€k = Yk — Uk|k—1 R. = CpPyp_1C) + Ry,
- - +f -1
ik = Th|k—1 T Kieg K = Pr1Cp R,

! + v ! r
Ppik = Prje—1 — Kk Re p Ky, = (I — KgCg )P 1 (I — KpCp) + KR K

» Time update - compute Tpp1|e = T (tg41) and Ppy g = Pg(tgy41) by solving
d -~ -~ - -~
Exk(t):f(xk(t)suksdksa} ZE(lg) = Tk

d ! f
Epk(t) = Ap(t)Pr(t) + Pr(t)Ak(t) +op(t)or(t) Pr(tp) = Py

af
Ag(t) = a(ik(”suksdksa)

op(t) = o(Zp(t), up,dg,0)

Carnegie Mellon University — Center for Advanced Process Decision-making John Bagterp Jargensen: Model Predictive Control and Smart Manufacturing for Power-2-Ammonia
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Filters and Predictors

» Discrete Stochastic Model

TH = & &g ~ N(ig, Pp)
mk+l = f“*(fck, itk,dk,f}) + wi Wy ~ f\".!-.!-d(ﬂ_. C‘?k) Qk = Qk(ﬂ}
Y = g(®p, 0) + v v ~ Niia(0, Rg) Ry = R(0)

» Extended Kalman Filter (EKF)
» Unscented Kalman Filter (UKF)
» Ensemble Kalman Filter (EnKF)

> Particle Filter (PF)
» Continuous-Discrete Stochastic Model

x(to) = o &g ~ N(zo, Py)
de(t) = f(x=(t), u(t),d(t), 0)dt + o(x(t), u(t),d(t), #)dw(t) dw(t) ~ N;;jq(0, Idt)
y(ty) = g(=(ty), 0) + v(tg) v(tg) ~ N;iiqa(0, R(0))

» Continuous-Discrete Extended Kalman Filter (CDEKF)

» Continuous-Discrete Unscented Kalman Filter (CDUKF)
» Continuous-Discrete Ensemble Kalman Filter (CDEnKF)
»

Continuous-Discrete Particle Filter (CDPF)

April 26, 2023 Carnegie Mellon University — Center for Advanced Process Decision-making John Bagterp Jargensen: Model Predictive Control and Smart Manufacturing for Power-2-Ammonia
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Innovation System Identification Methods
» Prediction-Error-Method (PEM)
» Assume a stochastic model (discrete or continuous-discrete)
» Compute the innovation and its covariance
In the measurement update of the filters, by'a filter'and iprediction Alzorithin
we compute the innovation and its covariance ex = ex(8)
Re.k = Re.k(g)
€k — €k (9) » Assume that e; ~ N;;4(0, Re ) such that
R(:,k' = Rc.k(g) ] 1
Vir(9) = 5 3 In(det Re (0)) + ex(8)' [Re k(8)] " ex(6)
. . . . . k=0
The innovation is assumed to be distributed as (Ng+1)n,
+ —<—" ¥ In(27)
ek ~ Niia(0, Re k) » Output-Error (OE)

» Assume a deterministic model, but with measurement noise.
> This is equivalent to a stochastic model with no process noise (diffusion)

'Statlst@al analy5|§ |s'ba§ed c'Jn statistical tests assuming that the and perfectly known initial conditions. A PEM can be applied to such a
innovation has this distribution system.

» This is also know as a simulation model.

April 26, 2023 Carnegie Mellon University — Center for Advanced Process Decision-making John Bagterp Jargensen: Model Predictive Control and Smart Manufacturing for Power-2-Ammonia
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Parameter Estimation

i V(o
It:_}u (8)

s.t. Omin < 0 < Omax
Innovation (computed from model and data using a filter and predictor)

e () = ey,
R, .(0) =R,

Least squares (LS) objective function
1'\"“;_

, 1 2
Vis(®) = - > llex(0)llz

k=0

Maximum likelihood (ML) objective function

N d

1 ’ _
Varp(0) = E Z In(det R, 1. (0)) + e,.(8) [fﬁl._;_:(f))] L e (0)

k=0

N, L)yn,
WNa + Dny Hf ™0 11 2m)

Maximum a posteriori (MAP) objective function

1 _ 1 ng
Viap(0) =V (0) + 5(0 - 0“}»!,”“1 (6= 60) + 2 in{det Poy ) + Tt In(2m)

April 26, 2023 Carnegie Mellon University — Center for Advanced Process Decision-making

Continuous-Discrete Extended Kalman Filter (CDEKF)

P Continuous-Discrete Stochastic Model

z(tg) = @0 &g ~ N(zg, Po)
de(t) = f(x(t), u(t), d(t), 8)dt + o(x(t),u(t),d(t), 8)dw(t) dw(t) ~ N;;4(0, Idt)
y(t) = g(=(tg), 0) + v(tg) v(ty) ~ Niza (0, R(6))

»  Continuous-Discrete Extended Kalman Filter Algorithm (i”\*l = &g, Pﬂ\*l = 130)

P Measurement update

m N 99
Tee—1 = 9(Ep|k—1.0) C’kzg(xk\k—l-e)
ek = Yk — Uk|k—1 Rek = CpPrp—1Cp + Ry,
. . -1
gk = Bpe—1 + Krek Ki = Prp1CpR,

4 ¥ ~ ’ i’
Prip = Py — KipRe koK), = (I — K Cp)Pr1 (I — KpCp) + Kp R K,

»  Time update - compute Tpp1)k = Tk (t)41) and Pk = Py (tj41) by solving

d
;ik(f)if(fk(f)-uk-dk-B) Tr(te) = Tp|k

d ’ ’
;Pk(f) = AR (1) Pr(t) + P (t)Ag () + op(t)oi(t)  Pr(tp) = Py

a
Ap(t) = i(ik(t)v“k-dk‘e)

o4 (t) = o(E(t), up, dy . 8)
[P

Filters and Predictors

> Discrete Stochastic Model

Ty = xg &g ~ N(&g, Pp)
Xy = Fleg, uy,dg, 0) +wy, wy ~ Nijq(0,Qr) Q) = Qi (8)
ik = 9(zk, 8) + vy vy ~ Niiqa(0, Ry) Rg = R(8)

» Extended Kalman Filter (EKF)
» Unscented Kalman Filter (UKF)
» Ensemble Kalman Filter (EnKF)

Particle Filter (PF)
» Continuous-Discrete Stochastic Model

v

xz(to) = @0 &q ~ N(io, Po)
do(t) = f(a(t), u(t), d(t), O)dt + o(x(t), u(t),d(t), 0)dw(t) dw(t) ~ N;;q(0, Idt)
y(tg) = glz(ty), 0) + v(ty) v(tg) ~ Niia(0, R(9))

» Continuous-Discrete Extended Kalman Filter (CDEKF)
» Continuous-Discrete Unscented Kalman Filter (CDUKF)
» Continuous-Discrete Ensemble Kalman Filter (CDEnKF)

» Continuous-Discrete Particle Filter (CDPF)

John Bagterp Jargensen: Model Predictive Control and Smart Manufacturing for Power-2-Ammonia
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Systematic model building

Experiment
Design
Tl

+ |nitial guesses for T TTT TT T

parameters
(literature, previous
experiments)

Accuracy
achieved?

Statistical Parameter
Analysis Estimation

Validated model

April 26, 2023 rocess Decision-making John Bagterp Jargensen: Model Predictive Control and Smart Manufacturing for Power-2-Ammonia
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Regulator - Nonlinear Model Predictive Control

W

Optimal control problem

12151 Ok = D2k + Ouk + PAwk,

st x(ty) = Ty, Multiple-shooting (with sensitivities)
w(t) = f(x(t), u(t), 0), tr <t <ty +Tp,
z(t) = h(z(t),0), ty <t <ty +Tp,
u(t) = ugi ik, JEN, thyj <t <tpyjtr, .
Umin < Ugpjik < Umax, jEN, : I
Atmin < Atpyjir < Atmax, JjEN y i
et T, | X2
o=z [ ) =20l at DN
1 it e FG.
b=y [ ) = a()]?, T
tr s
1 N-—1 )
Pauk = 2 HAuk—I—JHQA

April 26, 2023 rocess isi aking ohn Bagter Model Predictive Control and Smart Manufacturing for Power-2-Ammonia
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Moving horizon principle

W

Past Future I:I Data handling /

“ b > computations
Reconciled Predicted z .
. e Horizon
TN —— = — index
——— ! output

"/\V/\.\L = b k2 e

. I'_\ < _ Estimation Regulation

</

_|_|_|_I__|_ W
ey o R,
d e = Estimation Regulation

B == u + k |<—>D<—>|
J_ _i i l Estimation Regulation
e —
==t time u \ injected u

Process time

-
-

S
A\ rZ
A =
Z

Y

A

Estimation Regulation

min ¢ = o({ur, Thar bog 170, 0)
{un i H!

s.t. Tpa1 = Fp(op, ug, 0) k=0.1,....N -1
u, €U

John Bagterp Jargensen: Model Predictive Control and Smart Manufacturing for Power-2-Ammonia
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Adiabatic CSTR
with an exothermic reaction
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Adiabatic CSTR with an Exothermic Reaction

I\

MPC server Industrial control system
~ - (c) Low level control system based on the Siemens S7-1200 platform. (d) Human Machine Interface (HMI) showing mimic diagram.

" OPC connection N

Plant
l Sensor lab I

OPC Client
OPC Servers

Estimator measurement

devices

analysis

T s u DCS system
arge.t Regulator 4 PLC
calculation
Software
drivers for

APC
user-interface
module

(b) Laboratory-scale adiabatic CSTR.

Host
2

v

v

Data
storage

Process
Plant

OPC Client
OPC Server

APC

Process Control
module

-
~

Process control computer

John Bagterp Jargensen: Model Predictive Control and Smart Manufacturing for Power-2-Ammonia
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Adiabatic CSTR with an Exothermic Reaction

W

NaS203(aq)+2H202(aq) —

1 1
§Na2804(aq)+§Na28306(aq)+2H20(aQ),

April 26, 2023 rocess Decision-making John Bagterp Jargensen: Model Predictive Control and Smart Manufacturing for Power-2-Ammonia
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Model Predictive Controller

W

OPC connection

*

MPC server Siemens control system
Process control computer

DCS System

Target PLC

Other data
sources

Calculation
Software
drivers for
measurement
devices
Sensors

Analysis
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Adiabatic CSTR with an Exothermic Reaction

W
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April 26,

Adiabatic CSTR with an Exothermic Reaction

(c) Low level control system based on the Siemens S7-1200 platform.

Carnegie Mellon University — Center for Advanced Process Decision-making

(b) Laboratory-scale adiabatic CSTR.

(d) Human Machine Interface (HMI) showing mimic diagram.

John Bagterp Jargensen: Model Predictive Control and Smart Manufacturing for Power-2-Ammonia
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Adiabatic CSTR with an Exothermic Reaction

W

Mass and Energy Balance - SDE

[ [
dCy = % (Cain —Ca)+ Ra(Cy, CB,T)] dt,
:F
dCp = V (CB,z'n — CB) + RB(CA,CB,T)] dt,
a F
dTl = V (Tzn — T) + RT(CA, CB,T)] dt + VUwa.

Continuous-Discrete System
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Bifurcations and nonlinear dynamics

F = 250 [mL/min] F =550 [mL/min]
100 : 100 :

100

BOE::::2:

T [°C]

April 26, 2023
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—Stable steady state
70 | —Unstable steady state
[l ® Setpoint

60 - 5

50 | Il !

20 .
Vi

10 VI _

| I I I_.

300 400 500 60 700 800 900 1000
F, [mL/min]
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100 F .

W

o T I-__
|
I 40 L : _V_I _|y_| |

<
1<
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ODE vs SDE simulation

300 400 500 600 700 800 900 1000
F, [mL/min]

< 50

T

t [min]
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3D model and reduced-order 1D model

25 30 35

—3d
- 2d
...1d

t [min]
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Training and validation data

April 26, 2023 Carnegie Mellon University — Center for Advanced Process Decision-making John Bagterp Jargensen: Model Predictive Control and Smart Manufacturing for Power-2-Ammonia
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Data for training and validation

W

o
o
|
e PP e tae

0 5 10 15 20
t [min]

0 5 10 15 20 25 30 35
t [min]
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System ldentification
Prediction Error Method — Maximum Likelihood

Vv (0) = %(N( + 1)n, In(27)
] o
+ 2 (ln det R ;] + e, R, kek) ,
k=0
322 — er = ex(0) = yr — Yr|—1(0),
| - Rek = Rep(0) = Ri(0) + Cr(0) Pri—1(0)Cr(0)’,

200
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System Identification
Prediction Error Method — Maximum Likelihood

W

Parameter Value MLE value Std MAPE value  Std

15 133.78 | 133.3639 0.1384 | 133.4740 0.0993

log (ko) 24.6 24.7046 0.2272 | 24.8362 0.1431

E./R 8500 8537.7 74.113 | 8577.6 42.0107

pv 0.15 0.0884 0.0069 | 0.1314 0.0061

Pw 5 11.4345 0.2694 | 8.7344 0.0825
—ODE | | | | o | | | [=Stable

. Simulated data = Unstable

80
—=MLE
60 \
P
40 P -
20 - 2~
I | | .VL"“: 0 L ¥ s
15 20 25 0 200 400 600 800 1000

t [min] Fs [mL/min]
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N-step predictions — MLE (3D)
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1-step predictions — MLE (3D)

W

60 -

Q

20 -

t [min]

E [°C]

0 5 10 15 20 25 30 35

t [min]
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30-step predictions — MLE (3D)

W

t [min]
50 - N
@)
S0
&2
50 i
| ! | | ! |
0 5 10 15 20 25 30 35
t [min]
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60-step predictions — MLE (3D)

W

t [min]

0 5 10 15 20 25 30 35
t [min]
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120-step predictions — MLE (3D)

W

t [min]

0 5 10 15 20 25 30 35
t [min]
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180-step predictions — MLE (3D)

W

t [min]

0 5 10 15 20 25 30 35
t [min]
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N-step predictions — MLE (1D)
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1-step predictions — MLE (1D)

W

60 -

Q

20 -

t [min]

E [°C]

0 5 10 15 20 25 30 35

t [min]
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30-step predictions — MLE (1D)

W

t [min]

0 5 10 15 20 25 30 35
t [min]
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60-step predictions — MLE (1D)

W

0 5 10 15 20 25 30 35
t [min]
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120-step predictions — MLE (1D)

W

0 5 10 15 20 25 30 35
t [min]
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180-step predictions — MLE (1D)

W

t [min]
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Nonlinear Model Predictive Control
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Multiple Steady States

HE

‘ —Stable steady state
7of B unstable steady state
@ ® Setpoint
60 | b
. 50 B m 9
@)
a0 i
=
30 F ]
20 | b
10} -
Vil
300 400 500 600 700 800 900 1000
F [mL/min]
100 F ]
80 [ mj
=N el
1
0 [0,
— 60 l , -
£ (m pm
- 1
£ aof I .": .
! !
==, ==
20 \ : .
—- P
1,
O B L L L L L L L L 7]
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Movie of NMPC
(with true profiles in the prediction window)
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Nonlinear MPC - Closed-Loop Results
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Nonlinear MPC - Closed-Loop Results (temperature)
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Closed-loop NMPC - 3D model — 1D model
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CPU time for the NMPC - 3D model = 1D model
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Mission Green Fuels - DYNFLEX

Power-2-Ammonia
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Carbon Capture, Storage and Utilization (CCUS) & Power-2-X
Advanced Process Control (APC) for coordination and optimization
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Key Problem:
CO2 coming from the earth

should go back to the earth
— not into the atmosphere

Hydrogen storage &
reconversion

‘

Y
?v Integrated hydrogen &
| SNG plant
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(power & gas)
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plant

Refineries

Integrated hydrogen &
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Integrated hydrogen &
S es ahp e \
Fertir:
Emthr

" E
.fﬂ it

*synthetic natural gas
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Power-2-X for Green Fuels (H2, NH3, CH30OH)

Electricity Methanol production
Biogenic CO2 Methanol
— €
Hydrogen §
-
Transportation
> O Gl
H2 st E—===
. storage
Electricity ~ Electrolysis  Hydrogen
> = ——— E : ——
FEr i
Renewable Wat E%g o
energy aer > re xXygen Ammonia
ic air distillati 02 storage
4\ Cryogenic air distillation — = ——
Air Oxygen mgll-l P s n . ‘a

Electricit . — T
Electrioly | . S5

Nitrogen N2 storage

Electricity
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Energy storage systems (ESSs) - Classification

Residential House Village City Metropolitan area
1 year . | ! |
1 month i P2G H, |
S i : P2G CH,
o y P2F NH; (P2A)
2 ; P2F MeOH
S 1 | i 5
e our ! Compressed:air :
= Pumped Hydro ! |
Qo | ! |
£ | ! i
:-i: 1 min i ! i Chemical
< | ! |
8 ! | : Thermal
a ! i ! Mechanical
| | | Electrochemical
1 sec i | i Electrical
1 kWh 1 MWh 1 GWh 1TWh

Storage capacity
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DTU § 100 e AMMOonia Production °
. \:‘ = World Population
== Why Power-2-Ammonia (P2A)? g i
o ‘= 120 =
 Conventional ammonia production constitutes 1-2% of the world’s total CO, € 100 ] [ z%
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E 801 T
.g 60 4 §
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NH3 / CH3OH Ship Engines — MAN. MPC for a new generation of ship engines

I

= e
4R
= N

Power output ranging up to 82.4 MW
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Scavengin Compression/ Ignition
s gas admission expansion

Two-stroke Otto cycle (pre-mixed)

Exhaust receiver

Basic T/C

EGR unit
il
I

Cooler spray

CBV

EGR cooler

EGR blower BTV

L e — — — 1

Scavengeairreceiver

SOV — EGR Shut-off Valve CBV — Cylinder Bypass Valve
BTV — Blower Throttle Valve EGB — Exhaust Gas Bypass Valve

Process diagram
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Reinventing the wheel?

 Fritz Haber and Carl Bosch invented the Haber-Bosch process in early 1900.

» Harber-Bosch Process: Catalyst reaction at 200 bar and 650-800 K.
N, + 3H, — 2NH;

« Stable and reliable supply of reactants. Fritz Haber Carl Bosch

Production of the synthesis mixture Production of ammonia
methane CHg — re-heater
water H>O N, Hy CO» P
catalyst waste heat
boiler
compressor

compressor

500 °C reactor

scrubber

H>O

HO

2CHg + Oy cooler

catalyst
450 °C
300 bar compressor
Ny Hp
N2 Hy, CO H,O CO; -
— S

— \./

—>
2CO + aH,

ammonia
(liquid)
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Power-to-Ammonia (P2A)

W

Reactor System (2:

Cr—

Condensation

v

1
1
L]

Hydrogen
tank
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=< Flexible operation

oo

* Intermittent renewable energy sources: Wind, solar, ocean etc.

« Ammonia reactor systems are inherently oscillatory and easily
become unstable.

* 91 % of power input consumed by electrolyzers for H, production.

« How do we ensure safe and optimal operation over an operating window from 20% - 120 %
of nominal power.

140
2
c
2 120
£
S e e o e T T
v 1 = - I Ay
8 L3 — : - = = -- 520°
f.;', 80 — ——y— — i L 3 1 r - ] 1 - e S
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2 60 o | quenching i - F¥) B o i el e e T —
2 S oy - - — x—
g 40 TN R N ..
3 o e =
: 20 360° =1 Ao - Py ..'.'.."_‘ 3600
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= = | =« Bl il o BT e
= | - PR BN - et
1 49 97 145193 241 289 337 385 433 481 529 577 625 673 721 S N S “ g e o LnrE. 3000
Hours in January '07 1 0 10 20 30 40 50 60 70 80 90 100 110 120 130 140150 min

Danish wind power data Naess et al. (1992)
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<< Power-to-Ammonia (P2A)
oo
o —————————— BOUNCAry 3 e ————
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Boundary 1. Reactor system I' - \I
- Control and optimization of the : Purge «— pe====_Boundary 2 N :
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| eactor System -
flows. | | | N, [ i -:—'@: ‘l:
: = Pl ' i
: ! | | (. i I
Boundary 2: Synthesis loop | B I : | ::
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. I ' Air ! i | R TR ! / 1
fraction. I i : Pl ¥ :
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Boundary 3: P2A plant : T : ' : BN "
» Forecasting of available energy : _______ 1 : ;
(weather) : ? 0, : i : +
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\ 1 I
\ y Moression |/
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= Numerical Model
A o
Transport models: Stoichiometry and kinetics:
Valve 0 G loci :
><] as velocity [m/:_;] Reaction rate [kmol/(mg—gas- s)]:
Heat Exch l Product gas Thermophysical properties: Vg ki = W(APXAZ’”W“JF% : pg=’“+%)" re = 7(Tk, Pr,cy k)
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— . Vg ktd = § _ 2
Valve 1 Hyp=H(Ty, Pr,cy 1) ks Vg ket 1 AP <O R =v'ry
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y A~ .
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> " s Heatt Exch
== Steady state solution & Samic Orarang Por
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Steady state analysis

* Reactor S-Curve
« Range of multiple steady states
 Extinction and Ignition point
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Naess et al. (1992)
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ET! Bifurcation analysis
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* Linearize system

T =AT
« Employ Tr as bifurcation parameter
o I i I = I 2 .
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RT-APC for Power-to-X
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Linear MPC for stabilization of an unstable operating point
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Control ) O G}t'—

Valve 1
» SISO system: T @F
CV: Tl, in
MV: Split range control on f, and f; vve2
* Feed forward + Feed back (Pl), K, = 7.35-107*K™%, 7, = 1s @

| Valve 3

Bed 2

TT: Temperature Transmitter
FT: Flow Transmitter Bed 3
TC FB: Temperature Controller Feed Back

TC FB: Temperature Controller Feed Forward
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= Control and Optimization for the
Ammonia Reactor
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= Control and Optimization for the
Ammonia Reactor
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2= Boundary 2: Synthesis loop

» Reactor feed hydrogen flow
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Flexible operation

« Power input for 24h operation
« Safe and flexible operation is achieved.
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Near term goals

Build and evaluate model library for all 3 reactor types
Evaluate the applicability of the tree reactors types for P2A: Step tests, unstable operating regions and control options.
Adapt to P2A plant in Ramme. Demonstrate control and optimization system. APC-RT.
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Figure 2: a) Internal Direct Cooled Reactor (IDCR), b) Adiabatic Indirect Cooled Reactor (AICR) and c¢) Adiabatic Quench
Cooled Reactor.
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Conclusion & Summary
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Conclusion

x(tp) = @o &o ~ N(Ea, Fo)

=|ir|'ft =d ffius ion
de(t) = f(x(t), u(t), d(t),0)dt + o (2(t), u(t),d(t), 0)dw(t) de(t) ~ Nia(0, Idt)
y(tr) = gle(ty),0) +v(ty) v(tg) ~ Nia(0, R(8))

Continuous-Discrete Extended Kalman Filter (CDEKF)

P Continuous-Discrete Stochastic Model

x(to) = To &g ~ N(&q, Po)
dae(t) = f(@(t), u(t), d(t), 8)dt + o(e(t), u(t), d(t), §)dw(t) dw(t) ~ N;;q(0, Idt)
y(tr) = gl(=(tg), 0) + v(tg) v(ty) ~ N;ija(0, R(0))

P Continuous-Discrete Extended Kalman Filter Algorithm (i0|71 =0, Py = Py)

P> Measurement update
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A(t) = a(ik(t)suk:dkse)

o (t) = o(&g(2), uy, di, 0)
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Summary

Key MPC technology developments
+ MPC based on stochastic differential equations (SDES)
* Algorithmic
— speed, robustness, embedded, cloud
* Integrated Forecasting and Control
* Integrated system identification
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& il
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* Industrial energy related processes
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* Energy Processes Benautle Water \;_:/ Oxygen Dynamic System
* Energy system control 5}‘ Model
Wind turbine control P
* Refrigeration and heating systems ey [ Iy '
— " |- Nitrogen ~ NZstorage —
_ ;EL mm Measurements . B
* MPC technology is mature and ready . J
to be implemented on large scale for industrial facilities and

buildings to enable smart zero-emission societies.

MPC technology is the key enabler
for integrated and coordinated systems.

Implemented in many systems already

to enable coordinated and efficient operation _
Zero CO2 activated

clay

Renewable power Electric heat generator Clay calciner

and storage
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Thank You — Q&A

John Bagterp Jgrgensen

Technical University of Denmark
E-mail: jbjo@dtu.dk

DTU Compute
Department of Applied Mathematics and Computer Science
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