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Basics of MPC

Models

l

Performance index

Constraints

Standard MPC formulation

|

l

Solving the MPC problem

<

Quadratic Programming

Stability

Tunning

A 4

LMI-based Robust MPC

Simulation & Implementation

L

Proximate MPC
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Models are crucial in any engineering project

Do you want to:

Design complex systems?
You need a model
Simulate and test your system early and often?

, , And tools and methods for
Analyze and validate your design? creating those models

Optimize system performance?
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There are many different capabilities that can help you model

dynamic systems

Linear Models

TRANSFER FUNCTION STATE SPACE

LINEAR PARAMETER
VARYING

Ay

TIME SERIES (ARX, ARMA)
<

ZPK
FREQUENCY RESPONSE DATA 44 ‘

A

Al-Based Models

GAUSSIAN SUPPORT VECTOR
PROCESS MACHINE

-
- .
”~ -
” -
-’ -
- -
- -
-
-

REGRESSION TREE NEURAL NETWORK
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There are many different capabilities that can help you model
dynamic systems

White Box Methods Black Box Methods

SYSTEM IDENTIFICATION (TRADITIONAL AND AI-BASED)

FIRST PHYSICAL MODELING

PRINCIPLES WITH SIMSCAPE ONLINE ESTIMATION

App MODEL ANALYSIS
Grey Box Methods | I:h
GREY BOX ODEs OFFLINE ESTIMATION
PARAMETER ESTIMATION
IN SIMULINK MODELS
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Components could be modeled with different methods

Electric Vehicle Thermal Management
1. Configure scenario (see code):

(i) drive cycle, (ii) cool down, (iii) cold weather v
2. Plot power consumption in the system (see code) D
3. Open Model Workspace to explore parameters (see definition script) A
4. Explore simulation results using Simscape Results Explorer
5. Learn more about this example

Copyright 2020-2023 The MathWorks, Inc.
> 1 4
Chiller
f(x)=0 E)v g @

O

Radiator

Condenser

Scenario

drive cycl
rive cycle DCDC Data Driven /
Al
\ Heater ] Evaporator | [ }7

Controls Battery @ PTC
» D Cabin

Charger Motor Inverter
" —— Coolant Loop
Measurements
First _/ — Moist Air Loop
Principles —— Refrigerant Loop

O

) ororryory
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Where do you get the information to create a model?

Physics

k

First principles modeling Data-driven modeling

WHITE BOX BLACK BOX

() Srorner
67 HANYANG UNIVERSITY
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Where do you get the information to create a model?

Physics

k

Physics Knowledge

mx+bx+kx=20

First principles modeling Parameter estimation Physics-Informed ML Data-driven modeling

WHITE BOX BLACK BOX
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With first principles modeling you build models that are based on
physical laws

B —» x(t)

mx+bx+kx =20

m

4

Text-based code Executable block diagrams Physical modeling

sl + r .
1 % Mass-Spring-Damper System Simulation }_{

:. % Parameters (

: -a ing toséFicient (Ns/a) »- 1 1 v_SC '

: - 16.6; % sprin £ (urm) - ey - —e—  Mass

B X Initi ns +_ a Ll v 4 x

5 o ow 1.8; al displacement (m) o o

18 @ =a8 X veloeity (n/e) 1/Mass x0=1m <

g | rerieoneition = D Damper | = Spring
TR ST e <]‘ of x0=1m

15

16 % Define the system of ODEs

17 5 defdt = v H

18 U % derdr o ~torm)ey - rmen Damping L

19 nass_spring_danper = &{t, y) [y{2); -(b/m}=y(2) - (k/m)*y(1}]; k

b} r

1 st
2 w .
2%

[t. ¥] = oded5(mass_spring_damper, t_span, initisl_conditions); St
iffness
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There are benefits to first principles modeling

Insight and interpretability

/ B — X(t)

/._/\/\/\/_ oo .

/ m —> mi +bx+kx =20
= First principles model ~"

7 b This is understandable

yaxy DTt ul
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EBackground
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Target ,| Parameter > Physics- ,| Controller ,| Real world
system Identification based model design test
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Tuning Tuning

Test Data-driven Controller Real world
scenario model
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EBackground
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X Shen, J., & Hong, D. (2021, May). A novel model predictive control framework using dynamic model decomposition applied to

dynamic legged locomotion. In 2021 IEEE International Conference on Robotics and Automation (ICRA) (pp. 4926-4932). IEEE.
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X Nonomura, T., Shibata, H., & Takaki, R. (2019). Extended-Kalman-filter-based dynamic mode decomposition for simultaneous

system identification and denoising. PloS one, 14(2), e0209836.
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X Goel, A, & Bernstein, D. S. (2018, December). Data-driven parameter estimation for models with nonlinear parameter
dependence. In 2018 IEEE Conference on Decision and Control (CDC) (pp. 1470-1475). IEEE.
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L AFY 7] B,

MLP, RNN, LSTM, GRU, CNN, Transformer

H| MY A A DY,

*DMD, Koopman Operator, SINDy, Reservoir Computing

(m] <
A 9 Qhs B

* Autoencoder, VAE, GAN

=L =
-2tEN M.

* Gaussian Process (GP)

47 HANYANG UNIVERSITY
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*Multi Layer Perception (MLP)

Alexander G. Parlos, Senior Member, IEEE, Kil T. Chong, and Amir F. Atiya,
“Application of the Recurrent Multilayer Perceptron in Modeling Complex
Process Dynamics”, IEEE Transactions on Neural Networks

Long Jin , Longqi Liu , Xingxia Wang , Mingsheng Shang , and Fei-Yue Wang , “Physical-
Informed Neural Network for MPC-Based Trajectory Tracking of Vehicles With
Noise Considered”, IEEE TRANSACTIONS ON INTELLIGENT VEHICLES

ariables Target function (6) ar[‘):bslis:( i) comL;;st:tion
a b c d
\\\'{"‘ \'//H ; ; o Q 5> 2N oo [
} N\ 2\ . Q O O @ differentiation " il
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<MLP> <Physics informed neural network(PINN)>
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*Recurrent Neural Network (RNN)
*Long-Short Term Memory (LSTM)

Yu Wang, “A New Concept using LSTM Neural Networks for Dynamic System
Identification”, IEEE American Control Conference

K.H. Kim, C. Jeong, J. Kim, S. Lee & C. M. Kang , “Data-Driven LSTM Model and
Predictive Control for Vehicle Lateral Motion”, Journal of Electrical Engineering &
Technology

Wk = k=1, vk —nu(k-1), ... u(k— m))

CI:|_, »ky Neural MPC

pelay \ a1 s e e e e . e e

- e(k) Plant
—

ulk-1 i Optimization E
30 : ! " .
[—Dem LSTM model 1: ekt Dl FORCESPRO — rgg!:w%lmmm »
i [ Y |
o I @ ® 1t (k)
i Rk
> LSTM model 2: ki ! : X(k+1) ”u(k) :
. i [
i -
i LSTM model e k- D), -, *(k—9)
1 Neural Networl (k- 1),u(k-2),-,u(k-10)]
V(0 1 Predictor 1
LSTM model n: b U o e i o i
II Delay |I

<l-step prediction model & Convex> <N-step prediction model> §
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*Gated Recurrent Unit (GRU), Bidirectional-GRU

Ciq

LSTM

Forget gate: HE HEE

Input gate: =7t &

Output gate: =5 H

Memory cell: & 7| o|E

LST™ GRU
Tﬁﬁ;;;e Reset Gate
Output Gate Update Gate
Output gate= Output gate7}

SaliM 27| 2o
cellstate C; 2| Y52 HH| cell state2
HES Jch2 &3
Input gate®}
Input gate®} output gate?}
output gate7} EgE|of
M=sE updategates
Sl =H=E
More Fewer
parameters Parameters

j ororryora
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*Gated Recurrent Unit (GRU), Bidirectional-GRU

Irene Schimperna, Lalo Magni, “Robust constrained nonlinear Model Predictive
Control with Gated Recurrent Unit Model”, Automatica

Yunpeng Pan, Jun Wang, "Model Predictive Control of Unknown Nonlinear
Dynamical Systems Based on Recurrent Neural Networks" IEEE Transactions on
Industrial Electronics

Shengwen Xie and Juan Ren, "Recurrent-Neural-Network-Based Predictive Control
of Piezo Actuators for Trajectory Tracking", IEEE/ASME Transactions on

Mechatronics
Uj Yk
> LPF > PEA ¢ >
j | GRU based y y _
. robust Plant > State Estimator
MPC R
T - T
* «<— LME [«— RNN [« LPF«(—E
T : e enernes Plant Model | _ 1| x
GRU Predictive Controller E
observer <RNN-based control>
* LME: Linear model embedded / PEA: Piezo actuator
<GRU-based control>
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*Dynamic Mode Decomposition (DMD)

Joshua L, Steven L. Brunton, and J. Nathan Kutz, “Dynamic Mode Decomposition
with Control”, SIAM Journal on Applied Dynamical Systems

Guntae Kim et al, “Vehicle’s Lateral Motion Control Using Dynamic Mode
Decomposition Model Predictive Control for Unknown Model”, International

Journal of Automotive Technology

Experiments Data SanSthS Data Matrices Dynamic Mode Decomposition (DMD) DMD with Control (DMDc)
Murmerical in Time Find the dynamic properties of A Find the dynamic prepetiesof A and B
X'=AX X' = AX + BT
g State Measurements - | | B i, Find the truncated SVD of X . Construct the input data malrix
= = U by v X
g “ X=ltx x| |8 | et —e— oelx
1
Q L | | i g X ~lu.u L| T2 : ii. Find the trurcated SWD of input matrix 9]
— X1|X2 |- | Xm D _ _ =2 {Ualdz Uy T | — Vv, — R [ .
8 abereto || k5 I | : Q~ TSV = [ gl }zv*
. S ' o :
'L'U 9 _[> / X = | X o o E ii. Compute reduced-order approximation A fi._Find the truncated SVD of output matrix X
-Ej' Confrol Measuramants - | | E '8 i — OXvE- X' =Uxv"
Q E . . Compute reduced-order approximation of A
| | - iii. Investigats the dynamic proparties of A A — -U«Xa\}z': L]‘j’]‘ '["J'
113 - Wy —1 A‘V =WA v Investigate the dynamic properties of
| | iv. Solve for the dyramic modes of A AW = WA
- & 'V E_l W wi. Solvefor the dynamic modes of
& = X'V lUOW
o A
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* Koopman Operator

Milan Korda, Igor Mezié, “Linear predictors for nonlinear dynamical systems:
Koopman operator meets model predictive control”, Automatica

Petar Bevanda, Stefan Sosnowski, Sandra Hirche, “Koopman operator dynamical
models: Learning, analysis and control”, Annual Reviews in Control

Vehicles, Yongqgian Xiao et al, "Deep Neural Networks With Koopman Operators for
Modeling and Control of Autonomous”, IEEE Transactions on Intelligent Vehicles

Carl Folkestad and Joel W. Burdick, “Koopman NMPC: Koopman-based Learning
and Nonlinear Model Predictive Control of Control-affine Systems”, IEEE
International Conference on Robotics and Automation

g . ™ 4
M A f/r::'—ﬂz—l—ﬂu H. )
e S| BTV .| MPC
r=0Cz
rt = flx,u)
dim(z) = dim{x) LOR

-\_ T E1VEn /J \\\ . \_ ../,I

Nonlinear system Linear predictor Linear control design
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* Koopman Operator

States Flow Map FO ) Koopman ¢4t 1H:
= M . — N ].‘ < L -

w MTHM oMt EncoderS S AE| B7t xS B B2 B
[ =]
(=} o

§ 'é g E {;=Encoder(x;)
~ ~

= = = = - 25 S0 M Koopman AL kS HE:

k=] (=]

g8 E|S _

s “gm = “gﬂ Cev1 = Kt

S |8 S |8 . .

= g = g - DecoderE &l &= 32| £ 2., & dEiSUezE 5

Observables ~ Koopman Operator Kk y(x) X¢4+1 =Decoder({;41)
y(x)eF Kp:F->F Linear

Coordinate discovery

@ o N N

= - HES B 4 Mo ojzg

B\ 9/ -A|AEe 39S HeS| oSt Mo 3= g8
xk :' »}’(‘ ‘_,:, e e e _— -
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@ (k+1 =K(k ®-. ‘
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*Sparse identification of nonlinear dynamics (SINDy)

SL Brunton, JL Proctor, JN Kutz , “Sparse identification of nonlinear dynamics with
control (SINDYc)” IFAC

Urban Fasel et al, “SINDy with Control: A Tutorial”’, IEEE Conference on Decision and
Control (CDC)

Javad Khazaei, Ali Hosseinipour, "Data-Driven Feedback Linearization Control of
Distributed Energy Resources Using Sparse Regression", IEEE Transactions on

Smart Grid
referencery data driven MPC nonlinear system x = f(x, u)
. ) . 1 | e.g. spread of infectious disease
model selection ) cost J & 5P |
(I ¥ 3 \ R 0 — no control
IS | K >/ _ trol § — control
g ' DMD J/ control ® - - constraint
A u(t) N . T i
el J =J(X r,u,Au) iy
H \ SINDy
é‘ ] NN prediction > s.t. constraints
S =
2 T~ |f(&u) L. Ll
deE] CDmP]EXitY mQ_d.ﬂ].: X= fI:X, I.I) QI-M |}-."\:'.'-:'~-.'..\LLJ;'.IQCUUU:;\L recovered

1 measurement output KJ:
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*Sparse identification of nonlinear dynamics (SINDy)

nonlinear system dynamics data collection library of candidate terms
. ™ d “ s B
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=
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[=]
(=
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L time ) | X ) . X aX U )
identified system sparse regression N7
4 ' ( ™
= 0(x,u)é; o1, 2
E=0xu)é, Sk = argminz X — 0(X, U)SERHZ + ‘1||ng0
I = 0(x )i, k
=0(x u)é, S Slu _ 31 _L_ - & _f_ o & R $a
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Dynamic mode decomposition & control
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Data Collection

Model Reduction

Applications

DMD & control

Experiments

Data Snapshots

Data Matrices

Numerical in Time
Stata Measurements o | | -
“ rd X= X|1 X x”i 1
Labaratory X1 X2 |- |Xm _D - | | -
[ — X'=|x2 xa - x,

+>

Historical

Control Measurements

Jun| > T = |m ug

P

L.
Dynamic Mode Decomposition (DMD) DMD with Control (DMDc)
Fird the dynarmic proparties of A Find the dynamic properties of A and B
X' =AX X' =AX +BY
i, Find tha truncated SVD of X i. Construct the inpul data matrix
U b3 v* X
=l
RCT
T2 . : i Find the truncatad SuD of inpur matrix §2
X = (U 1y 7 | — v, — o U, 7w
=~ UEV" = p xv*
Us
ii. Compute reduced-order approximation A fil-_Findthe truncated SVD of ouput marix X!
2 "o P
A OxvE- X By
iv. Compute reduced-order approximation of A
iii Inuastigats the dynamic properties of A A=1"Y'V™ 1'[‘]’;'[“]'
A‘V = WA v Invesligate the dynamic properties of
iv. Solve for the dynamic modes of A AW =WA
b X'VEW vi. Solve for the dynamic modes of
& =X'VEIU;UW
A
-

System Identication

Specify input control sequence

Run experimant using T
- X, X
Use DMDe to find state-space madel

Xps1 = Ax +Bug

Predictive Modeling

Frediction
-

Reduced Order Modal

%41 = A% + Bilg

General System State‘SDaCe form
. X] _
X =[A B][r]—G.Q

A€ Rnxn B € Rnxm
(G € ]Rnx(n+m) = R(n+m)><k)

Using SVD
Q=UxVT =03vT = 0
X =GUIVT

G =XVEUT =XVET] Ul=(a

Ue ]R(n+m)><(n+m) b= R(n+m)xk Ve kak
U € RHMXp § € RPXP, T € Rk*P

Calculated system matrix
A=XxVE10]
= X'VE1T}

=)
I

otoFTj oty
HANYANG UNIVERSITY
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X' =[X, X3 - Xy] € Rx*N-1
U = [U1 U2 tee UN—I] € RnuXN_l
GQ =X Linear Model by
So|X E3j2 283 SVD(Q) = Uy’ / DMD A28 ifo data setS
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DMD & control

» Data-driven LKS

Steering wheel 6, input

Steenng wheel 6, i nput

MATLAB 4
SIMULINK

Lateral speed y, outpm

/VWNMMWWWWM» MATLAB 4

SIMULINK®

Yaw rate 1), output

Data collection

\ﬂ%ﬁ data set =% % DMD £ S¢%t Modely

\ Double Lane change A|[LI2|2E

E5t model 45

. Dynamic mode decomposition 7|2t2| RH 2 S Tl 37| 2|5}
Kt Al=2[0]49 LHO| A steering wheel angle O A|ZHO]| [Ct2}
S sine sweep Lt 28610 H|O|H =%

* Input : O(steering wheel angle)

 state : y(lateral velocity), Y(heading rate)
- AMUHEEHOHE +=H

. HE HOoHE ALY 22 R

+  Dynamic mode decompositions &8t L& =&

« ZHA|ZIOO|HOICI REHE E=

. EE0 REZ FH AILIEZ[ 292l double lane changeE &3l 45

=
. Fast Fourier Transform (FFT)E ol 7/t & %54 &4

. vehicle lateral speed,
yaw rate

/=

ﬁ, B: linear system model

/ U. steering wheel angle
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p Data-driven LKS

0.8 ! ! ! ! ! ! i ! 0.15 T T T T T T T T 0.2

Carsim

— = —Datal 0.15

CarSim

0.6 -

04t

0.2

02} - 0.05
06} 0.15
70.80 2 4 6 8 10 12 14 16 18 0.2 g
time [s] 16 18 20 0 2 4 6 8 ﬁm‘\eo[s] 12 14 16 18 20
<zt 213 Double lane change> (AbEF§|E Heke)
Lateral velocity RMS error
Datal: 0~20 [s], 17 x 10™*
Data2: 0~40 [s], 24 x 107* 025 : : :
Data3: 0~60 [s], 50 x 10~* o~zolel
Data4: 0~80 [s], 83 x 10~* 02| 9o praveca
1Pl 60~80[s]
,(; <>OO\ |
045 [P A ' Double lane change2t H £ 2| H|0|E & i
= | ® | 280l Mest RS RS I
S0t0 2 QX}7} &0Ig|= Al 0| M X}2ko| B Hisk o1 el 1117 | Al A0 B E>AO[S| QAHIt =l E :
22X DMDE R & 47f RHE S| et 2%/ H \ Adelllo | 7o __TTTTTTTTTTTTTTTTTTTTTTTTTTTTTTTTTT
\
= HEXHQ HO|H & Ci+ =50 R nEY o y
5 X7t Uy PHHRT
o o . (0] = e e
= FFTE &&3dl double lane change2} sweep sine 0 0.5

OIH[O|E Q| 7 EXEMS 2A
H = — L2 o1/ o2 ™ = .
<Double lane changez}2f 241} sweep sine & 7 SZEM FFTZ 24>

v RO AL RAY I RATV|EH OS] fRES HEY & UAS
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