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E. Objectives TU Delft TU [e =

 Development of techniques for data reconciliation
exploiting a-priori knowledge of process behavior.

e Technigues for state reconstruction of approximate
process models.

 Development of MPC techniques enabling broad
bandwidth, high performance control along optimal
trajectories.

* Integrated implementation of these techniques

From state estimation to long horizon MPC for non-linear industrial applications 1
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E. Why use estimation/control?  TU Delft TU e

Need control to implement optimal dynamic trajectories

« Disturbances are continuously upsetting the plant
— actuator/sensor failures
— set-point changes, feed fluctuations
* There always exists plant-model mismatch
— uncertain reaction kinetics and physical properties
— uncertain heat and mass transfer
* The initial conditions are always unknown

— models suited for production are usually not suited
for start-up simulation

From state estimation to long horizon MPC for non-linear industrial applications 2
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Estimation in the INCOOP projecf U Delft TU/e =~
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E. Purpose of state estimation TU Delit TU/e: "

Contrary to linear MPC we need to initialize the model

« The input-output behavior depends on the state

— along grade/load changes considerable change in
dynamics

e The output prediction is based on simulation with the
nonlinear model starting from an initial state

o Disturbances and uncertain parameters are
estimated using the state estimator

— the disturbance models are dynamic and have
their own states

From state estimation to long horizon MPC for non-linear industrial applications
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E. State estimation problem TU Delft TU/e =~

Set of measurements of process variables:

IV YeerYie oo Yo ner Yie n )

o Set of manipulated variables
m, ,m m m m
{uk,uk-l,uk- 2,""" uk- N+1,uk- N,}
« Dynamic model (simplified for presentation):

x=f(xu,w), x(t)=x
y = g(Xx,u,v)

From state estimation to long horizon MPC for non-linear industrial applications 5
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E. Problem formulation (cont.) TU Delit TU/e "

Find the estimate X, by finding function] ,(Cox,64, Lee,95):

Fa N

)A(k|k =) (ylin’""ylzr-]N1uk—11"'1uk—N’Xk—N|k-N)

minimizing variance on estimation error:

-1 -1
J = DSZI—NPk-lND),Zk-N + é. WiTW_lwi + é ViTV-lVi

i=zk- N I=k- N
e W. process disturbance, covariance: W
V. measurement noise, covariance: V
 Dx _, initial state update, covariance: P

* N length of data sets

From state estimation to long horizon MPC for non-linear industrial applications
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E. Extended Kalman Filter TU Delft TU /e i

Earlier studies showed ext. Kalman filter (Lewis,86) was:

e easier to tune than horizon estimator
* Not less accurate than horizon estimator
e much faster than horizon estimator

* regularizes itself in case of singular covariances

But If used, must adapt for constraints

 do regularization yourself via /O model
reduction

* need QP to find estimate

From state estimation to long horizon MPC for non-linear industrial applications 7
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E. Extended Kalman Filter TU Delft TU/e nnnnnnnnnnn

Choice to work A m A
recursively: Xk|k =] (yk y Ui 15 X ]Jk-l)

Make a specific

- 9, — / m - |
linear choice for ] ! Xklk - Xklk-l + K(yk yklk-l)
Using linear dynamics X0 aA GEdXo
to propagate variance: gDyg gC = ngg

A 1 6
9 U

f

X
gg 9+
X qug

* X states_ A B o
«w (all) disturbances gC D
ey  measured outputs ﬂ
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Compute state prediction using nonlinear
model, can use any dynamic simulation tool
such as GPROMS:

5\(k+]]k = !:Ts (f(klk | k’ uk 1 sz

model-integration
Ts

= Xq + Of (X(1),u,,0)at
0
And corresponding output prediction, (automatic)

9k+11k - g(),zk{uk Uy )

From state estimation to long horizon MPC for non-linear industrial applications 9



E. QP formulation DGTU Delft TU/e

Define output error: e, = ylin - 9k|k-1

And arrive at QP:

min 10X, &R ] OCHDX“—+vV'1v
Kk Kk

DXk-l’Wk-lz Wk-l 0 W Wklﬂ

. abX, .0
v, =€, - CDX, =¢, - (CA CB)g iz

We-1 @

e can add arbitrary linear constraints on x,w

e must regularize P such that it has inverse

* ‘input’-’output’ Gramian based model-reduction
provides one way (Moore, 76).

unwers'teit

From state estimation to long horizon MPC for non-linear industrial applications
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E. Unconstrained solution TU Delft TU /e i

Note that unconstrained case:
= &Pk'_]i + A'C'V 'CA A'C'V 'CB 0
Dx, =-H™'g B'C'V'CA W'+B'C'V'CBy
g=-A'C'V'e
compares to familiar Riccati solution:

P = APAT - APCT (CPC'+V) *CPA+W

ka - Kek T T 1
K =PC"(CPC™ +V)’

Note: here only CPC' +Vy needs to be invertible!

From state estimation to long horizon MPC for non-linear industrial applications 11
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MPC in the INCOOP project TU Delft TU/e e
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From state estimation to long horizon MPC for non-linear industrial applications 12



’{z'.“i! chnischa
E. NMPC problem formulation TU Delft TU [e =

The problem of finding a control sequence for a
continuous time plant

x = f (X, u),x(to) = )A(O
y =9g(xu)

Minimizing some continuous time control objective:

J(u) = x(t;)" Px(t;) + J(y(t),u(t))dt

One can go many ways !

From state estimation to long horizon MPC for non-linear industrial applications 13
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MPC concept TUDelft TU/e "
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A full NMPC problem generally much too much time
consuming to enable high performance.

Desire small sample time and long prediction horizon!

Approach:
 Discretize continuous time objective (trapezoidal rule)

e Use local dynamics to approx. sensitivity functions:
Linear Time Varying (LTV) control

 Very reliable for proper choice of sample time
* Much faster for many of optimization variables

 After a few iterations you get SQP’ behaviour

hnizcha
iversteit
e r

e .;
E. Typical choices TU Delit TU/e:

From state estimation to long horizon MPC for non-linear industrial applications
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Linear-Time-Varying MPC TU Delft TU/e:

Dzt Uni

Integrate nonlinear model along previous input
sequence: gives output and state predictions:

pred pred pred pred pred pred
{VY¢ et 1o Yian Pl Xeo s Xian seeer Xpan

e Derive linear time varying (LTV) model along this
trajectory (time-discretize local dynamics)

dy =G,du, du=(du,,...,du . .)’

e D 0 e 9
G — g Ck+1 Bk Dk+1 O "t _
o g Ck+2 A<+1 Bk C:k+2 Bk+1 Dk+2 O i

CAAB CAB CB .5

From state estimation to long horizon MPC for non-linear industrial applications 16



E. DPTTIZNg cone ey TUDelft TU/e

4
Optimizing control inputs: + Jj|k)
du 1 nom -‘. ] I -
k+j|k k+j|k k+j|k du(k + j|k)
Unom (K + 7|K)
N T Y T Y R
0 r

An effective choice for the nominal control input:

nom —,,0pt
Tkl ko k-1

From state estimation to long horizon MPC for non-linear industrial applications 17



E. LTV-MPC DGTU Delft TU/e ...........

L TV-MPC problem amounts to find an optimal control
sequencey(k+ j)glj\lz-ll minimizing the objective function:

T

aj -- aj --

J — X Px Io\I mykp-lr-j yk+ j - O(ﬁylf:- j yk+ j =
k k+N k+N a éu pred _ pred - go Réu pred _ pred -
J =1 e%+] k+] 1g K+ k+j-1g

subject to Y i EV(KFT1E Ymax

constraints: U in £u(k+ J)£-umax
DuminEDu(k+ ))EDUmax
]=0...,N

From state estimation to long horizon MPC for non-linear industrial applications 18
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E. Nominal control input concept T U Delft TU/e g

*Then solve resulting QP and add solution to previous
control sequence:

upred =u oM+ du
k+j  k+]j K+ |

From state estimation to long horizon MPC for non-linear industrial applications 19



Nonlinear MPC

Pt
TU Delft TU/e
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state and
disturbance
Nominal input signal es,:un)\ates Nonlinear nominal prediction
x,d
U (®) _
] nom Nonlinear : Ynom (t)
model
t n t+N t+1 n t+N

Optimizing control inputs

Linear output prediction

du () |

——

Multiple linear
models

G,dU (t)
]

=

t l t+N

U (t)=U p{om (t)+dU (t)j l

~—+

+1 t+N

Y()=Yrom®+G,dU ()
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e+ g
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E. Outlook TU Delit TU/e -:-
Standard QP solvers: *Active Set Methods

State variables are (ASM)
eliminated e|nterior-Point Methods

(IPM): Mosek, etc.

Computational time increases with the 3'd
power of the number of variables NIy,

Structured IPM:

State variables are not

eliminated

Computational time increases linearly
with the number of variables

-> Allows long horizon prediction/ large
bandwidth

From state estimation to long horizon MPC for non-linear industrial applications 21
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Example: Evaporation process TU Delft TU / e
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el = Structured |PM is faster than
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= Qr_ Mosek for N > 160
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Evaporation process results TU Delft TU / e
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MATLAB ASM vs. Structured IPM

80

70

60
< 50 /
3,
(O]
£ 40
o
[8]
: /
0 30
o
: /

20

10 S—

I B
0 /’7"/—/
30 45 60 75 90 105 120 135 150
Number of variables
23

From state estimation to long horizon MPC for non-linear industrial applications



’{!\*“‘! chnisrha
Example 2: Distillation process TU Delft TU /e e
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Distillation process results TU Delft
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E. Conclusions TU Delft TU [e =

e Estimator+MPC have been implemented within
INCOOP software architecture.

 Tested and operative for both Bayer and Shell
process.

* For large scale problems QP computation time is no
longer a bottleneck. Model simulation (MPC
prediction) is the main computational burden in the
environment.
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