&
A HUMUSOFT®

10.9.2026 Technical Computing Camp 2026

Navrh prediktivniho rizeni:
Je to snazsi nez byste cekalli

Jaroslav Jirkovsky
e = e T OB jirkovsky@humusoft.cz
""""" ; D o www.humusoft.cz

‘ info@humusoft.cz
www.mathworks.com

MATLAB

4\ MathWorks | N
SSIMULINK

Authorized Reseller



http://www.humusoft.cz/
http://www.mathworks.com/

_ﬁ
Model Predictive Control (MPC)

= Prediktivni fizeni zalozené na modelu systému a optimalizaci v realném Case

— pocita optimalni akéni zasah podrizeny zadanym omezenim

ucelova funkce omezeni
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Model Predictive Control (MPC)
= Pro predikci vyuziva vnitfni model(y) l, ,l
reference optimalizace _\ manipulované veliciny . coustava by
- llneél’nl' ) \ piﬁgwﬁlﬂi \
Regulator
— nelinearni |Ddhadnmém roratel stave Ja_TeR sy

MPC

= MPC + Al
— predikéni model mUze byt ve formeé neural state space modelu
= Typicke vyuziti MPC
— fizenitechnologickych procesu

— autonomni rfizeni vozidel

— robotika
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Jak MPC funguje
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- - Planované zmény MV
Aplikované zmény MV

-O- Predikovany vystup

—@- Méfeny vystup
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Jak MPC funguje

ka), vyfadi zbytek
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= Provede prvni krok

Budoucnost
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Jak MPC funguje

= Pocka nareakci systému, posune ¢asovy horizont, zméri aktualizované vystupy
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Princip MPC fizeni

= MPC algoritmus - co fesiv kazdém kroku?
— aktualizace vystupu modelu soustavy dle realného stavu
— predikce budouciho vystupu soustavy na zakladé modelu (na nékolik krokt dopfedu)
— vypocet optimalni hodnoty manipulovanych veli¢in (QP uloha) pro dalsi kroky
— cil: aby predikovany vystup dosahnul referen¢ni hodnoty ,,optimalnim zpisobem*
— (dalSi krok = opakovani postupu)
= Parametry MPC
— vypocetni perioda
— horizont predikce — kolik krokt dopredu pocita predikci
— horizont fizeni — pro kolik krok(l dopfedu propocitava manipulované velic¢iny (akéni zdsah)

— omezeni vstupu a vystupu dana fyzickymi parametry systému

12



Tvorba MPC

= Pripravené funkce

— pro rizné typy MPC

= Graficka aplikace MPC Designer
— pro linearni implicitni MPC

= Bloky v prostredi Simulink
— obecné MPC rliznych typu

— specializované pro konkrétni ulohy

13

4 MPC Designer
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Ukazka: Navrh linearniho implicitniho MPC
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= Rizeny systém je popsan diferencialni rovnici druhého fadu a rozsahem vstupu:

= Model systému v Simulinku: dvojity integrator a saturace vstupu

dZ

——y(6) = u(t)

dt?

|

u(t)

Saturation

= Zapojeni fidiciho systému s MPC

>

-1 <u(t) <1

1

S
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1 P ref
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Typy MPC v prostredi MATLAB

15

Linearni MPC model

Linearni
soustava
Neékolik linearnich
Nelinearni MPC modeld
soustava

Linearni MPC model
adaptovany pro
aktualni pracovni bod

Nelinearni MPC model

&
A HUMUSOFT®

Online optimalizace Pfed-vypocétené reseni
optimalizace pro rychlejsivypocet

Implicit MPC

(MPC) Explicit MPC

(Multiple MPC) Multiple Explicit MPC

Adaptive/LTV MPC
(Adaptive MPC)

4 N
Gain-scheduled MPC l

Vsechny typy MPC

podporuji generovani
C/C++ kddu

Nonlinear MPC
Multistage Nonlinear MPC



N -
gk

ﬁ%’iHUMUSOFT@
A4 (]
Volba typu MPC dle pozadavku
= Model soustavy . \ . N \
. . S"éﬁi?;\r:; - Implicit MPC — Explicit MPC

— linearni / nelinearni L ) \ ) \ )
= Omezeni ':itgf:::' »|  Gain-scheduled MPC  |——>»|  Multiple Explicit MPC

— linearni/ nelinearni p N

U" l 'f k E— Adaptive/LTV MPC

u celove tunkce \ y

_ . £ _ ; 4 Nonli MPC
kvadraticka / ne-kvadraticka

= Hardwaroveé zdroje

— pozadovana vypocetni perioda, dostupna pamét

16
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g

Rychlost a pamétové naroky rdznych typd MPC

LTI MPC

Adaptive MPC

LTV MPC

Gain-scheduled LTI MPC
Nonlinear MPC

Memory Efficiency

Explicit MPC

Gain-scheduled
Explicit MPC

v

Speed
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Model Predictive Control: pod poklickou
MPC .
i . '.r.'[-ll',_-]
Pl-il'lt HRmMeasured
control moves x = f[x, u, v, ﬂf:l . Gt
rejerence u(i) {y =g(x,u,v,d) | dk)
ref (k)
i
Prediction Model
{:i: = f(x,u,v)
. y=gxuv)
) . Kalman Filter
State Estimation || ¢
Correct: Xppe—1, Y Ve = Xppe | d
Predict: By, Uy, Vi = Zpsq|k

18
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Linearni MPC = Uloha kvadratického programovani s omezenimi

linearni predikéni model
x = Ax + Bu
y =Cx

kvadratické programovani (QP)

kvadraticka ucelova funkce

(1
] = (ref, —y) Wy(ref, —y) + (refy, — W Wy(ref, —w) + Q)™ W, (Au) wmmp " {EZTHZ o TZ}

Az <b

linearni omezeni Ib<z<ub
Ymin < y < Ymax» Umin Su< Umax, Aumins Au < Aumax
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Nelinearni MPC = tloha nelinearniho programovéani s omezenimi
nelinearni predikéni model
{56 = f(x,u)
y=gXxu) nelinearni programovani (NLP)
min f(z)
obecna nelinearni ucelova funkce : ’
J = cost(x,u) 9i(z) <0,ief{l,.. m}

h](Z) == 0,] E {1, ...,p}
ZE€EZ

obecna nelinearni omezeni
c = ineq(x,u), ceq = eq(x,u)
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Kdy pouzit MPC vs LQRvs PID

Typ fizeni  Zalozenona MIMO Zahrnut Omezeni Moznost Naroky na Vypocetni naroky na
optimalizaci model stavu/akéniho ,,nahledudo pameét béh
zasahu budoucna*“

MPC vysoké vysoké
(vyjma Explicit MPC)
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Al model pro predikci: Neural State-Space

= Nelinearni MPC mUze vyuzivat Neural State-Space model

= Coje Neural State-Space
x ... stav soustavy
y ... méfeny vystup

Vi = g(xt:ut) u ...vstup_ o
f, g ... nelinearni funkce

— standardni state-space model Xy = f(xe,up)

— neural state-space model ma funkce f a g reprezentovany neuronovymi sitémi

xe = f(xe, up) : :
ye = g(xe, ug)

2

State Network (f) Output Network (g)

22
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Al model pro predikci: Neural State-Space

= Neural State-Space muze byt i diskrétni
x ... stav soustavy

— standardni diskrétni state-space model Xpp1 = f(xk» uk) Y ... m&feny vystup
. u ... vstup
Vie = 9 (X, ) f, g ... nelinearni funkce

— diskrétni neural state-space model ma funkce fa g reprezentovany neuronovymi sitémi

X1 = f(Xp, ug)
Vi = g(xk, ug)

State Network (f) Output Network (g)

23
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Neural State-Space model

= Typicka sit pro spojity NSS

Filter layers. Inpu
H d H d v — Ml - {E :‘eamrelnpul\_ayer] lﬁ :JeawrelnpulLayer s i
— p ro J e e n Stav, J e e n VStu p 9 Vystu p - Stav E imagelnputlLayer T T Mumber of connections 7
image3dinputLayer
E sequencelnputLayer

nss = idNeuralStateSpace(1,NumInputs=1) o

=]
pointCloudinputLayer
n S S - + CONVOLUTION AND FULLY CONNE E taafwtllLayer

convolution1dLayer

convelution2dLayer
LEE
convolution3dLayer fullyConnected. .

groupedConvolution2dLayer

ansposedConvidLayer E taafwaayer ~ Owverview

i
transposedConv2dLayer
iri

Continuous-time Neural ODE in 1 variables
dx/dt = f(x(t),u(t))
y(t) = x(t) + e(t)

ansposedConv3dLayer

WEHERHREEARDEE

i

g dxdt
fullyConnected....
fullyConnectedLayer

f(.) network:
Deep network with 2 fully connected, hidden layers
Activation function: Tanh

=
=

= Automatizovaneé vytvoreni siti s uzivatelskymi parametry: createMLPNetwork()

24
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|dentifikace Neural State-Space modelu a propojeni s MPC

= Postup identifikace NSS modelu

— ziskat data z realné soustavy vstup-vystup: iddata()

— vytvofit neural state-space objektu: idNeuralStateSpace()
— vytvofit neuronové sité pro funkce f a g: createMLPNetwork()

— nastavit predvolby pro uceni siti: nssTrainingOptions()

— identifikovat model (= u€eni siti): nlssest()

= Propojeni s nelinearnim MPC:

— generovat z NSS funkce pro odhad stavu a vypocet Jacobianu: generateMATLABFunction()

— pouzit funkce v navrhu MPC
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Navrh nelinearniho MPC

= Vytvoreni objektu nelinearniho MPC
— obecny nelinearni MPC: nlmpc()
— vicestupnovy nelinearni MPC: nlmpcMultistage()
= Specifikace predikéniho modelu
— zadani funkci f a g pro vypocet stavu a vystupu
— pro lepSi vykon specifikovat funkce pro vypocet jejich Jakobianu

» Zadani optimalizacniho kritéria, omezeni, feSi¢e a dalSich parametr(

= Volani MPC
— volani objektu MPC z prostfredi MATLAB: nlmpcmove()

— simulace v prostfedi Simulink: bloky pro volani MPC riaznych typU

= Generovani kodu z MPC algoritmu a nasazeni na cilovou platformu

&
A HUMUSOFT®



o
£ HUMUSOFT®

Ukézka: Rizeni systému metodou MPC s Al modelem

Cost function Constraints
Neural state space model

Optimizer \

Ref — ' '
eference \ Prediction Manipulated variables (MVs)
model

MPC Controller

State
estimates

A

State Estimator

r 3

Measured outputs (MOs)

https://www.mathworks.com/help/mpc/ug/use-multistage-mpc-with-neural-state-space-prediction-model-for-house-heating.html
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Vyvoj Model Predictive Control v prostfedi MATLAB

<2017

Linear MPC

LTI MPC
Adaptive MPC
LTV MPC

Online constraints
Online weights

Simulink blocks

Code Generation
MATLAB Coder
Simulink Coder
Embedded Coder

Simulink PLC
Coder

App
MPC Designer

2018

Linear MPC

Run-time time-
varying weights

Nonlinear MPC

Generic Nonlinear
MPC

ADAS Blocks

Automatic Cruise
Control

Lane Keeping
Assistant

Code Generation
ACC block
LKA block

2019

Linear MPC

Run-time horizons

Nonlinear MPC

Simulate as
Adaptive and LTV
MPC

ADAS Blocks

Path Following
Control

Code Generation
PFC block

2020

Linear MPC

Interior-Point QP
Solver

Run-time time-
varying constraints

Code Generation

Generic Nonlinear
MPC

Plug in
FORCESPRO QP
solver

2021

Linear MPC
Support “quadprog”

Nonlinear MPC

Multi-stage
nonlinear MPC

Hybrid MPC

Finite Control Set
(FCS) MPC

Code Generation

Multi-stage
nonlinear MPC

GPU Coder support

ISO 26262
compliance

Plug in
FORCESPRO NLP
solver

2022

Nonlinear MPC

Support neural
networks for
prediction model

Passivity-based
constraints

ADAS Blocks

Vehicle Path
Planning

Code Generation
VPP block

MISRA C
compliance
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2023

Nonlinear MPC

Automatic
differentiation for
multistage
nonlinear MPC

New NLP solver:
C/GMRES

Code Generation

ISO 26262
compliance for
multistage
nonlinear MPC
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Dekuji za pozornost.

Otazky?



= Pro technickeé dotazy vyuzijte nasi technickou podporu

— email;: support@humusoft.cz

— tel.: +420 602 231 500

— https://www.humusoft.cz/matlab/support/

= \/Seobecné dotazy

— email: info@humusoft.cz

— tel.: +420 284 011 730

= Nebo muzete vyuzit nas kontaktni formular

— https://www.humusoft.cz/contact/#contact
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£ HUMUSOFT®

Adresa:
Pobrezni 20

186 00 Praha 8
Ceska republika

Web:
www.humusoft.cz
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     d 2  d  t 2 y ( t ) = u ( t )


  − 1 ≤ u ( t ) ≤ 1


   {       x . = A x + B u    y = C x


  J =    (    r e f y − y ) T  W y  (    r e f y − y ) +    (    r e f u − u ) T  W u  (    r e f u − u ) +    (  ∆ u ) T  W u  (  ∆ u )


   y  m i n ≤ y ≤  y  m a x ,    u  m i n ≤ u ≤  u  m a x ,   ∆ u  m i n ≤ ∆ u ≤   ∆ u  m a x


      min z ⁡   {   1 2  z T H z +  f T z }


  A   z   ≤ b


   A  e q z =  b  e q


  l b ≤ z ≤ u b


   {       x . = f ( x , u )    y = g ( x , u )


  J = c o s t ( x , u )


  c = i n e q ( x , u )


  c e q = e q ( x , u )


      min z ⁡  f ( z )


   g i  ( z ) ≤ 0 , i ∈  {  1 , … , m }


   h j  ( z ) = 0 , j ∈  {  1 , … , p }


  z ∈ Z


     x . t = f  (   x t ,  u t )


   y t = g  (   x t ,  u t )
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   y k = g  (   x k ,  u k )
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