RECENT ADVANGES IN EMBEDDED

MODEL PREDICTIVE CONTROL

Alberto Bemporad

http://cse.lab.imtlucca.it/~bemporad

IMT

INSTITUTE

FOR ADVANCED
STUDIES

LUCCA

University of Michigan, July 14, 2016

www.odys .1t

ODN'S

Advanced Controls & Optimization



http://cse.lab.imtlucca.it/~bemporad
http://cse.lab.imtlucca.it/~bemporad
http://www.imtlucca.it/alberto.bemporad
http://www.imtlucca.it/alberto.bemporad
http://cse.lab.imtlucca.it/~bemporad
http://cse.lab.imtlucca.it/~bemporad
http://www.odys.it
http://www.odys.it

MODEL PREDICTIVE CONTROL (MPC)
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Use a dynamical model of the process to predict its future
evolution and choose the “best” control action




MODEL PREDICTIVE CONTROL (MPC)

e At each time ¢, find the best control sequence over a future horizon of /V steps
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e Problem solved w.r.t. {uo,...,un-1}

e Apply the first optimal move u(t):uo*, throw the rest of the sequence away

e At time t+1: Get new measurements, repeat the optimization. And so on....

Used in process industries since the 80's



NE OF THE FIRST PAPERS ON MPC

| Discrete Dynamic Optimization
Applied to On-Line Optimal Control
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AUTOMOTIVE APPLICATIONS OF MPC

Powertrain

e direct-inj. engine control

¢ A/F ratio control

* magnetic actuators

e robotized gearbox

e power MGT in HEVs

e cabin heat control in HEVs
e electrical motors

Vehicle dynamics

e traction control

* active steering

e semiactive suspensions
e autonomous driving

Ford Motor Company

Jaguar

DENSO Automotive

FIAT

General Motors
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AEROSPACE APPLICATIONS OF MPC

e MPC capabilities explored in new space applications CcSd

e New MATLAB MPC Toolboxes developed (MPCTOOL and MPCSofT)
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(Bemporad, Rocchi, 2011)

(Bemporad, 2010) (Bemporad, 2012)

(Pascucci, Bennani, Bemporad, 2016)

planetary rover

(Krenn et. al., 2012)



MPC FOR SMART ELECTRICITY GRIDS

transmission grid

?7

hydro-stc;rage I {3

: -Hj il T,

wind farm

Dispatch power in smart distribution grids, trade energy on energy markets ‘

Challenges: account for dynamics, network topology, physical constraints, and
stochasticity (of renewable energy, demand, electricity prices)

FP7-ICT project “E-PRICE - Price-based Control of Electrical Power Systems” (2010-2013) cprice Q

7
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MPC FOR MANAGEMENT OF DRINKING WATER NETWORKS

Drinking water | A Lk T 1 P

network of i RS

Barcelona: sess BT

81 tanks, ' " .= 3

64 valves S el e et
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180 pumps. - 5: :- T

Automatically operate a large-scale urban drinking water network

Challenges: minimize network’s operating costs and ensure demand satisfaction
by controlling pumping in real-time, considering storage dynamics, topology,
physical constraints, stochastic uncertainty (water demand, energy prices)

FP7-ICT project “WIDE - Decentralized and Wireless Control of Large-Scale Systems” 3 \ﬁwmﬁ
FP7-ICT project “EFFINET - Efficient Integrated RT Monitoring & Control of Drinking Water Nets” = |




MPC TOOLBOXES

e MPC Toolbox (The Mathworks, Inc.) \
(Bemporad, Ricker, Morari, 1998-present) _

MATLAB
» Part of Mathworks’ official toolbox distribution —

» Great for education and research

e Hybrid Toolbox > 6k downloads
(Bemporad, 2003-present)

» Free download: http://cse.lab.imtlucca.it/~bemporad/hybrid/toolbox
» Great for research and education

e ODYS Toolbox
(Bemporad, Bernardini, 2013-present)

» Provides flexible and customized MPC control design
and seamless integration in production systems

» Real-time code written in plain C

» Designed for production

C)D\’S


http://cse.lab.imtlucca.it/~bemporad/hybrid/toolbox/
http://cse.lab.imtlucca.it/~bemporad/hybrid/toolbox/

PROS AND CONS OF MPC

Extremely flexible control design approach:

— Prediction model can be multivariable, w/delays, time-varying, w/ disturbances, ...
— Can exploit available preview on future references and measured disturbances

— Handles constraints on inputs and outputs

— (Auto)tuning similar to Linear Quadratic Regulator (LQR)

— Mature code and development tools available

» Price to pay:

— Requires a (simple) model (experiments, systems identification, linearization)
— Many degrees of freedom (weights, horizons, constraints, ...)

— Requires real-time computations to solve the optimization problem

10



EMBEDDED LINEAR MPC AND QUADRATIC PROGRAMMING

e Linear MPC requires solving a Quadratic Program (QP)

O Mivisizi~Ng A CoNvEX FusenoN SURECT 10 LINeaR INEOUALITIES

By E. M. L. BeaLe

{dwiiralty Research Laboratory, Teddington, Middle sex

SUMMARY

THE mimimization of a convex function of variables subject to lincar inequalities s
discussed bricfly in general terms.  Dantzig's Simplex Method is extended to yield
finite algorithms for minimizing either a ¢onvex quadratic function or the sum of
the r largest of a set of linear functions, and the solution of a generalization of the
latter problem is indicated. In the last two sections a form of lincar programming
with random vanables as coefhoients is described, and shown to involve the minimiza-

Lion of a convex function, (Beale) 1955)

Arich set of good QP algorithms is available today

Still a lot of research is going on to address real-time requirements ...
17



MPC IN A PRODUCTION ENVIRONMENT

embedded model-based optimizer

Requirements for production:

1. Speed (throughput): solve optimization problem within sampling interval

2. Robustness (e.g., with respect to numerical errors) 2 T“q{,ﬁﬁ

J..l'.l-'__ah-.' —

3. Be able to run on limited hardware (e.g., 150 MHz) with little memory
4. Worst-case execution time must be (tightly) estimated

5. Code simple enough to be validated/verified/certified
(in general, it must be understandable by production engineers)

12



EMBEDDED SOLVERS IN INDUSTRIAL PRODUCTION

e Multivariable MPC controller
e Sampling frequency = 40 Hz (= 1 QP solved every 25 ms)
e Vehicle operating ~1 hr/day for ~360 days/year on average

o Controller may be running on 10 million vehicles

% §20,000,000,000,000 QP/yr

and none of them should fail !

13



FAST GRADIENT PROJECTION FOR (DUAL) QP

(Nesterov, 1983)

e Apply fast gradient method to dual QP: (Patrinos, Bemporad, IEEE TAC, 2014)
min 1z'H,z 4+ ' F'~
-3 wr = yr + Bk — Yr—1) -1 =10=0
S.t Gz< W+ Sz
I —— z. = —Kwp—Jx
— —1cv
S — %sz—%(SJ?-l—W) K= H_lG/
0 - J = HF
5k:{ L1 Ye+1 = Max{yy + sg, 0}
feasibility tol
e Termination criterion #1: primal feasibility 1 J
sp. < —€q, Vi=1,...,m
L
e Termination criterion #2: primal optimality optimality tol
\
FGar) — £ < Fz) — qucwk) = —wjsL < ey sy < ey
L

ciu,at function L — —
14



FAST GRADIENT PROJECTION FOR (DUAL) QP

e Main on-line operations involve only

(Patrinos, Bemporad, IEEE TAC, 2014)

[i<maxiter),

beta=(i-1)/(1-2).*({1>D);

simple linear algebra
w=y+bata~*({y-y0);

E== [ AMG™W+1MC ) ;
g=GLz-bL;

ylU=y;

if all{s<=epaGL),
gapl=—w"*g:

* Convergence rate:
:2_1; if gapl<=epsVL,
* * |12 oy
Z - < z — Z e return
fGrp) = 1* < 5yl = 2
e Tight bounds on maximum number of iterations 1o
o theoretical
M —————— ¢

: Ly
= 31*
=104 P @ llligiiiil ®----

\
2l experimem&at

e Can be used to warm-start other methods

10 7 9 11 13 15

Horizon N

e Currently extended to mixed-integer quadratic problems
(Naik, Bemporad, EUCCO 2016) 5



EXPERIMENTS WITH EMBEDDED QP

TMS320F28335 control CARD
(Real-time Control Applications)

@ 32-bit Floating Point (IEEE-754);
@ 150MHz clock;
@ 68KB Ram / 512KB Flash.

var x constr. GPAD AS ADMM FBN
4% 16 332 s (18) | 120 us (3) | 1.42 ms (62) | 208 us (2)
8 x 24 1.1 ms (22) 446 us (5) 4 ms (77) 396 us g)
12 x 32 2.59 ms (27) | 1.19 ms (7) | 8.25 ms (82) | 652 us (2)

e Active set (AS) methods are usually the best on small problems:
- excellent quality solutions within few iterations
- less sensitive to preconditioning (= behavior is more predictable)
- no need for advanced linear algebra packages

* GPAD = Dual Accelerated Gradient Projection (Patrinos, Bemporad, 2014)
* FBN = Forward-Backwards Netwon (proximal method) (Patrinos, Guiggiani, Bemporad, 2014)
* ADMM = Alternating Directions Method of Multipliers (Boydetal, 2010) 16



MPC IN FINITE-PRECISION ARITHMETICS

. . . . ) . . Patrinos, Guiggiani, Bemporad, 2013
e Gradient projection works in fixed-point arithmetics ( o ’ )

2L D2
miax gz(zk) < E+1

&xpomam&iauj decreasing with
number p of fractional bits

max conskraint violation

Table |
["ixed-point bardware ymplementation
Size [variables/constraints| | Time [ms| | Time per iteration [us| | Code Size |[K B| |
10/20 22.9 226 15
20/40 @ fiked 867 17
40/80 544.9 po ik 3382 27
60/120 1519.8 7561 43
Table 2
[loating-point hardware implementation
Size [variables/constraints| | Time [ms] | Time per iteration [us| | Code Size K B| l 32-bit Atmel SAM3X8E
10/20 88.6 974 16 ARM Cortex-M3 processing
20/40 C20D floating 3608 21 unit
40/80 2240 point 13099 40 84 MHz, 512 KB of flash memory
60/120 5816 30450 73 and 100 KB of RAM

{:E,xadrpoimﬁ about 4x faster than Hoa&ihgmpoimﬁ

17



CAN WE SOLVE QP’S USING LEAST SQUARES ?

The Least Squares (LS) problem is probably the
most studied problem in numerical linear algebra

v = arg min ||Av — b||3

J— B

In MATLAB: >> V=A\b ¢ (1 character ! )

e Nonnegative Least Squares (NNLS):

miny, ||Av — b||3
s.t. v>0

BT

18



ACTIVE-SET METHOD FOR NONNEGATIVE LEAST SQUARES

: 1) P+ 0, v+ 0
MIiNy HAU—bH% 2) w<+ A'(Av —b);
s.t. v Z O o~ 3) ifw>00r P={1,..., m} then go to Step 11;

4) @4 argmingery 1 p Wi, P P U {i};

p— —— SeTr = arg min, [|(A)5) 27 = By, mpp 0
6) 1f 7= o tiggrr~="7md 20 16 Siep 2:
NNLS algorithm: While maintaining 7) j 4 argminfep. y, <o {U,j’_hyh };
primal var v feasible, keep switching 8) v vt oy —v):
. . . 9 T+ {hepP v, =0} P« P\Z;
active set until dual var w is also 10) go to Stegf 5:
feasible 1) v* « v; ¢nd.

e NNLS algorithm is very simple (750 chars in Embedded MATLAB)
e The key operationis to solve a standard LS problem at each
iteration (via QR, LDL, or Cholesky factorization)

19



SOLVING QP’S VIA NONNEGATIVE LEAST SQUARES

e Use NNLS to solve strictly convex QP

A —T
u=Lz+ L *c L

min %Z’Qz—l—c’z min %HUHQ gast
o - u Distance
st. Gz=<g complete the squares s.t. Mu<d Problem

QP Q=LL
M=GL !
d=b+ GQ ¢
/
QP problem infeasible

- ,_ _ - 2

. min % M —+ 0
y o 2| d J 1],

s.t. yv>0

1
14+ d'y*

retrieve erimat solukbion

i} Nonnegative Least Squares

]\4/y>l< L Q—].C — no

20



SOLVING QP VIA NNLS: NUMERICAL RESULTS

CPU time (ms)

103:

-
o
N

—h
O_L

100E

worst-case over 100 random QP instances

| | ! I
-
-
”
- 4’
- -

— - = =
P

——QPNNLS-LDL
——Dantzig
GPAD
——ADMM
QUADPROG (IP)
- = QUADPROG (AS)
- = GUROBI (IP)
——GUROBI (AS)
- = QPOASES

QP-NNLS

40 60 80 100

number of variables

worst-case occurred during entire simulation*®

CPU time (ms)

10

100

——QPNNLS
——Dantzig
- = QPOASES
——GUROBI (AS)

| |

15 20 25
prediction horizon

10

30

* Step t=0 not considered for QPOASES not to penalize the

benefits of the method with warm starting

e Arather fast and relatively simple-to-code QP solver

e Extended to solving mixed-integer QP’s

2



EMBEDDED MPC WITHOUT SOLVING QP'S ON LINE

S optimization algorithm 2

™ y 1

dynamical model
(based on data)

reference

—
r(t)

measurements

e Can we implement MPC without an embedded optimization solver

YES !

22



EXPLICIT MODEL PREDICTIVE CONTROL AND MULTIPARAMETRIC QP

(Bemporad, Morari, Dua, Pistikopoulos, 2002)

The multiparametric solution of a strictly convex QP is continuous
and piecewise affine

2*(x) = argmin, 52’ Hz @F’z
s.t. Gz < W @

—— (
L= lOO‘V'
Fiz+4+g1 if Hiz < K, = aineiay u-)}/{l,g
2* = ' uls
i | | R ’
| YN-1 | Fayqz gy If Hypze < Ky gl -
T — —————

23
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MULTIPARAMETRIC QUADRATIC PROGRAMMING

e Avariety of mpQP solvers is available

e Most computations are spent in operations on polyhedra (=critical regions)

Gz*(z) W + Sz &— feasibility of primal solution
A () 0 fw“ﬁfeasibit&j of dual solution

AVAIVAN

- checking emptiness of polyhedra
- removal of redundant inequalities
- checking full-dimensionality of polyhedra

e All such operations are usually done via linear programming (LP)

20



NNLS FOR MULTIPARAMETRIC QP

e Key result:

A polyhedron P = {u € R"™:

is nonempty iff

(v*,u*) = argmingy |lv + Au — b||3
v>0,u free

has zero residual |[v* + Au* — b||3 = 0

S.T.

o

dundank
reciea redm&xd&&x&

~

Au < b}

e Numerical results on elimination of redundant inequalities:

NNLS

LP

™m
2
4
6)
8
10
12
14
16

0.0006
0.0019
0.0038
0.0071
0.0111
0.0178

0.0046
0.0103
0.0193
0.0340
0.0554
0.0955

random polyhedra of R™ with 10m inequalities

NNLS = compiled Embedded MATLAB
LP = compiled C code (GLPK)

CPU time = seconds (this Mac)

e Many other polyhedral operations can be also tackled by NNLS

20



NNLS FOR SOLVING MPQP PROBLEMS

e New mpQP algorithm based on NNLS + dual QP formulation to compute
active sets and deal with degeneracy

q | m|H ;bl’id Ibx| MPT “___NNLS
o Comparison with: o L i et
4 | 4 0.0432 0.0559
, 4 | 5| 0.0650 |0.0850
— Hybrid Toolbox 46| 00827 |0.1105
. . . 8 | 2 0.0347 0.0396
— Multiparametric Toolbox 2.6 (with default opts) s 3| ooss3 | 00680
8 | 4 0.0916 0.0999 :
8 | b 0.1869 0.2147 | 0.0322
8 | 6 0.3177 0.3611 | 0.0586
12| 2 0.0398 0.0387 | 0.0054
12| 3 0.1121 0.1158 | 0.0191
12 | 4 0.2067 0.2001 | 0.0352
12 | 5 0.6180 0.6428 | 0.1151
12| 6 1.2453 1.3601 | 0.2426
. 20| 2 0.1029 0.0763 | 0.0152
20 | 4 0.9069 0.7100 | 0.1617
‘\The MathWorks 20|51 - . 110.4395
6 6.1220 6.2518 1.28'53



EXPLICIT MPC FOR IDLE SPEED - EXPERIMENTS

(Di Cairano, Yanakiev, Bemporad, Kolmanovsky, Hrovat, 2011)

e Sampling time =30 ms

e Explicit MPCimplemented in dSPACE
MicroAutoBox rapid prototyping unit

e Observer tuning as much important
as tuning of MPC weights !

peak reduced bf? 50%, convergence 10s faster

explicit MPC

------------------ baseline controller (linear)

set-point

28



COMPLEXITY OF MULTIPARAMETRIC SOLUTIONS

* The number of regions depends (exponentially) on the number of
possible combinations of active constraints

(weak dependence on the number of states and references)

s ) \
o Explicit MPC gets less attractive when number ! 47 A
of regions grows: too much memory required, 7

too much time to locate state x(t) '\.( Yy

¢ Fast on-line QP solvers (=implicit MPC) may be preferable

When is implicit preferable to explicit MPC?

29



COMPLEXITY CERTIFICATION FOR ACTIVE SET QP SOLVERS

e Consider a dual active-set QP solver

2*(x) = arg min, %Z’HZ-FZE/F/Z
s.t. Gz < W+ Sx

e What is the worst-case number of iterations over  to solve the QP ?

e Key result: The number of iterations to solve the QP is a
piecewise constant function of the parameter x

We can exactly quantify how
many iterations (flops) the QP
solver takes in the worst-case !

30



COMPLEXITY CERTIFICATION FOR ACTIVE SET QP SOLVERS

e Examples (from MPC Toolbox):
inv. pend. DC motor nonlin. demo AFTI 16
# vars 5 3 6 5
# constraints 10 10 18 12
+# params 9 6 10 10
Explicit MPC
# regions 87 215
max flops 3382 9184
max memory (kb) 55 297
Implicit MPC
max 1iters 13 - 16
max flops 74T 7807
sqrt 37 N
max memory (kb) 20
explicit MPC is faster online QP is faster
i the worst-case i the worsk-case

e |t is possible to combine explicit and on-line QP for best tradeoft

31



SYS-1D FOR MPC

e Model Predictive Control requires a model of the process.

e Models are usually obtained from data via systems identification
(off-line learning)

* Models can be also adapted in real-time to handle changes of slowly-
varying quantities (e.g., ambient conditions) (on-line learning)

In industrial MPC applications,
most of the effort is spent in
identifying (multiple) linear
prediction models from data

)

H "~ 020 10, o 08 0T
’QB“L DIS|RE http://spire2030.eu/disire/ 32
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PWA REGRESSION PROBLEM

* Problem: given input/output pairs {z(k),y(k)}, k=1,...,IN and number s

of models, compute an approximation y = f(x)

[ iz + g1 if Hie < Ky
flz) =9 :

\ Fex + g5 If Hsx < K

* Need to learn both the parameters (Fi,gi) of
the affine submodels and the partition (H;, K;)
of the PWA map from data (off-line learning)

e Possibly need to update model and

partition as new data are collected (on-line learning)

PWA model
(PieceWise Affine)

M

=

Ty

33



PWA REGRESSION PROBLEM

e Special case #1: hybrid (PWARX) model

z(k) = [V'(k—-1) y'(k—2) - y'(k—na)
u(k—1) v'(k—2) --- v'(k—mnp)]

y(k) = f(x(k))

| = piecewise affine function of regressor

e Special case #2: switched parameter-dependent ARX model

Na

np
y(k) = > ai(p(k))y(k—i)+ ) bi(p(k))u(k—j)+e(k)
j=0

1=1

(ai,bj) = piecewise affine functions of scheduling parameter p
34



PWA REGRESSION ALGORITHM (1/2)

. ] (Breschi, Piga, Bemporad, 2016)
e Two-stage algorithm for PWA regression

o Stage 1: Cluster the regressors z(k) and simultaneously estimate the
parameter matrices (Fi,g;) recursively (=one sample at the time)

ome—-s&ep prec&i&&&om error proxim&&v o cenktroid
of model #i of cluster #i

e Only update (Fiw),gi(x)) using recursive least squares based on inverse
QR decomposition (Alexander, Ghirnikar, 1993)

e |[terate the procedure M times for improved results
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PWA REGRESSION ALGORITHM (2/2)

(Breschi, Piga, Bemporad, 2016)

e Stage 2: Compute a polyhedral partition (H;,K;) of the regressor
space via multi-category linear separation (batch or incrementally):

¢(x) = _Max {w,/baj — v} .
1=1,...,s 5 $ o
n / r e “
X; = {z € R": ¢(a) = wiz — v, } e
* Alternative ways to compute (wi,:): LA ST

—> Robust Linear Programming (batch)  (Bennett, Mangasarian, 1994)
—> Piecewise-smooth Newton method (batch) (Bemporad, Bernardini, Patrinos, 2015)

—> Averaged stochastic gradient descent (online) (Bottou, 2012)
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PWA REGRESSION EXAMPLES

(Breschi, Piga, Bemporad, 2016)
e Example 1: PWARX model

yi(k) | _ [—o 83 0 20 } y1(k—1) 4 [—o 34 0 45} uy (k—1)
ya(k) | — L 030 —052] | yo(k—1) —030024] | wug(k—1)
10 20 020 —0907 [ y1(k—1)
+ o 75] + max{[o 10 0 42| {yQ(k_U}
0420207 | w1(k—1) 0401 [0
+1056064) | woin1y | Tlo30] Lolp Tt €olk)
2(k—1)
e EEE———
Results: quality of fit
N = 4000 | N = 20000 | N = 100000
7 (Off-line) RLP [8]] 96.0 % 96.5 % 99.0 % RLP = robust linear programming
—, | (Off-line) RPSN 96.2 % 96.4 % 98.9 % RPSN = piecewise-smooth Newton
“ | (On-line) ASGD 86.7 % 95.0 % 96.7 % ASGD = (one-pass) averaged stochastic gradient
~ | (Off-line) RLP [8]| 96.2 % 96.9 % 99.0 %
¥ | (Off-line) RPSN | 963 % 96.8 % 99.0 %
A | (On-line) ASGD 87.4 % 95.2 % 96.4 %
BFR; = max {1 Mo s = yill2 0}
(/2 - - g m
1Yo i — Yo ill2 CPU time for computing the partition
(Best Fit Rate) N =4000| N = 20000| N = 100000
(Off-line) RLP [8] 0.308 s 3.227 s 112.435 s
(Off-line) RPSN 0.016 s 0.086 s 0.365 s
(On-line) ASGD 0.013 s 0.023 s 0.067 s
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PWA REGRESSION EXAMPLES

(Breschi, Piga, Bemporad, 2016)

e Example 2: LPV-ARX model

—03 if O4(p1(]€)—|—p2(]€))§—03
al 1 k? = 03 if 04 1]{5 2]{3 203
(109 _[o1260) m a0 [l ) { 04 (n(K) + k) oiherwis
y2(k) az 1(p(k)) az 2(p(k)) | | y2(k=1) a1 2(p(k) =05 (pa(k) + p2(k)) a2 1(p(k)) = pr () —pa(k)
b1 1(p(k)) b 2(29(’?))} |:u1<k_1)j| 05 if  pi(k) <O
+ [ 5000 ot | Leathon)] €0l | ewsiin - 05 it >0

b1 1(p(k)) = 3p1(k) + p2(k)
[ 05 if 2(pi(k)+p3(k))>05
b1 2(p(k)) = { 2 (p%(k) —|—]g§(k)2 gtherzvise
] ] b2 1(p(k)) = 2sin pi(k) —p2(k)  b22(p(k)) = 0
Results: quality of fit —
BFR:1 |BFRs
PWA regression 87 % | 84 %
parametric LPV [3] | 80 % | 70 % 1

[3] = Bamieh, Giarré (2002)
0.5¢

o8| validation data (open-loop)
0.6 F - .
0.4
0.2 f

Yo Y

0.2t

0.5 1
2 38

110 120 130 140 150 160 170 180 190 200



S optimization algorithm 2

) e N N 1

7
Z

EMBEDDED MPC WITHOUT A MODEL

reference

—
r(t)

measurements

e Can we implement MPC without even a model of the process?

YES !
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DATA-DRIVEN DIRECT CONTROLLER SYNTHESIS

(Campi, Lecchini, Savaresi, 2002)
(Formentin et al., 2015)

o Collect a set of observations {u(k),y(k),p(k)}, k=1,...,N

e Specify a desired closed-loop linear model M fromrtoy
o Compute ro(k)=M#y(k) from pseudo-inverse model M# of M

e Identify linear (LPV) model K, from e,=r, - y (virtual tracking error) to u
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DATA-DRIVEN MPC SYNTHESIS OF CONTROLLERS

 Design a linear MPC controller (reference governor) to generate command r

(Bemporad, Mosca, 1994)
(Gilbert, Kolmanovsky, Tan, 1994)

Yy
ro 4 —
desired
‘”E’-‘f erence Linear predé&mm model
(totally lnown "
p v
e .
! | ] |
ro — MPC r: : > Y
| O s
M |

MPC can handle constraints on inputs and

OUtpUtS, and improve C|OS€d-IOOp performance (Piga, Formentin, Bemporad, 2016)
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DATA-DRIVEN MPC SYNTHESIS OF CONTROLLERS - AN EXAMPLE

e DC motor equations

e Desired closed-loop behavior M (=first-order low-pass filter):

2y (k4 1) = 0.992,,(k) + 0.01r(k)
O (k) = zpr (k)

e Chosen control structure for K, :

Ev 4 € K / u

e Il K,;:u(k):Za;(H(k))u(k—i)+zbj(9(k))e/(k—j)

e MPC design w/ soft constraints on inputs, outputs and input increments
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DATA-DRIVEN MPC SYNTHESIS OF CONTROLLERS - AN EXAMPLE

e Experimental results

0 [rad]

with MPC

without MPC |

N

’ 5 10 15 20
' Time [s]
desired bracking

Ferfformomeé achieved

25

30

u
5 10 15 20 25 30
Au

constraints on input
increments sakisfied

No model of open-loop process identified to design the MPC controller!!
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CONCLUSIONS

e MPC can easily handle multivariable control problems with constraints in an
optimized way

e Easy to design and reconfigure, and to handle uncertainty

* Long history of success in the process industries now  —
spreading to the automotive and aerospace industries l

(and many others)

e MATLAB design tools and production-ready C-code are available ¢

Is MPC a mature technology
for production in fast

embedded applications ? ‘IFS .
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