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Overview OPTEC

- Scope of ACADO Toolkit

- An Optimal Control Tutorial Example
- Algorithms and Modules in ACADO
- Code Generation

- Outlook
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Optimal Control Applications in OPTEC:

Optimal Robot Control, Kite Control, Solar Power
Plants, Bio-chemical reactions...
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Optimal Control Applications in OPTEC:

Optimal Robot Control, Kite Control, Solar Power
Plants, Bio-chemical reactions...

Need to solve optimal control problems:

SO 28 ST Lir,y(r),u(r),p) dr + M(y(T),p)
subject to:
vt [0,T]: 0 = f(t,9t),y(t),ut),p)

vte [0,T]: 0 > s(ty(t),u(t),p)
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W | \What is ACADO Toolkit? OPTEC

ACADO Toolkit:
Automatic Control And Dynamic Optimization
great variety of numerical optimization algorithms
open framework for users and developers
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What is ACADO Toolkit? OPTEC

ACADO Toolkit:
Automatic Control And Dynamic Optimization
great variety of numerical optimization algorithms
open framework for users and developers

Key Properties of ACADO Toolkit
Open Source (LGPL) wwv. acadot ool kit. org
user interfaces close to mathematical syntax
Code extensiblility: use C++ capabilities
Self-containedness: only need C++ compiler
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Implemented Problem Classes

I |
ACADO Toolkit OPTEC

- Optimal control of dynamic systems
(ODE, DAE)
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Implemented Problem Classes
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- Optimal control of dynamic systems
(ODE, DAE)

- Multi-objective optimization
(Joint work with Filip Logist)
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Multi-objective optimization
(Joint work with Filip Logist)

State and parameter estimation
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Optimal control of dynamic systems
(ODE, DAE)

Multi-objective optimization
(Joint work with Filip Logist)

State and parameter estimation

Feedback control (NMPC) and closed loop
simulation tools

Robust optimal control
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Implemented Problem Classes
ACADO Toolkit

Optimal control of dynamic systems
(ODE, DAE)

Multi-objective optimization
(Joint work with Filip Logist)

State and parameter estimation

Feedback control (NMPC) and closed loop
simulation tools

Robust optimal control
Real-Time MPC and Code Export

N OPTEC
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- Scope of ACADO Toolkit

- An Optimal Control Tutorial Example
- Algorithms and Modules in ACADO

- Code Generation

- Outlook
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{%E Tutorial Example: Time Optimal Con-

N trol of a Rocket OPTEC

Mathematical Formulation:
minimize T
s(~),v(-),m(-),u(~),T
subject to
5(¢t) =  w(t)
2
m(t) = —0.01u(t)?
s(0) = 0 s(T) = 10
v(0) = 0 o(T) =20
m(0) = 1
—-0.1 < w(t) £ 1.7
—-1.1 < wu() < 1.1
5 < T < 15
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i =~ Tutorial Example: Time Optimal Con-

hod trol of a Rocket OPTEC

Mathematical Formulation: Differential State S, v, m
Cont r ol u;
Par anet er T,
minimize T D fferential Equation f( 0.0, T);
S(')’U(')am(')’u(')aT OCP ocp( 0.0, T);
subject to ocp. mnim zeMayer Tern( T );
f « dot(s) == v;
5(¢t) =  w(t) f « dot(v) == (u-0.2*v*v)/m
. o u(t)—0.2v(t)2 f « dot(m == -0.01lxu*u;
U(t) - m(t) ocp. subj ect To( f )
m(t) = —0.01u(t)?
ocp. subj ect To( AT_START, s == 0.0 );
ocp. subj ect To( AT_START, v == 0.0 );
8(0) == 0 S(T) = 10 ocp. subj ect To( AT_START, m== 1.0 );
L o ocp. subjectTo( AT END , s == 10.0 );
U(O) = 0 U(T) =0 ocp.subjectTo( AT END , v == 0.0 );
m(0) = 1
ocp.subjectTo( -0.1 <=v <= 1.7 );
—0.1 < U(t) < 1.7 ocp.subjectTo( -1.1 <= u <= 1.1 );
ocp.subjectTo( 5.0 <= T <= 15.0 );
—1.1 S U(t) S 1.1 Optim zationAl gorithm al gorithmocp);
5 < T < 15 al gori thm sol ve();
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Optimization Results
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- An Optimal Control Tutorial Example
- Algorithms and Modules in ACADO
- Code Generation

- Outlook

ACADO Toolkit - Automatic Control and Dvnamic Obtimization — p. 9/24



W& The Power of Symbolic Functions  OFIEC
I

Symbolic Functions allow:

Dependency/Sparsity
Detection

Automatic Differentiation
Symbolic Differentiation
Convexity Detection
Code Optimization
C-code Generation
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W& The Power of Symbolic Functions  OFIEC
I

Symbolic Functions allow:
Example 1:
Depen_dencylsparsny Differential State x;
Detection | nt er medi ateState z:

) i .. TI ME t:
Automatic Differentiation Functi on fr
Symbolic Differentiation z = 0.5+x + 1.0

. . f « exp(x) +t :
Convexity Detection f « exp(z+exp(2)) ;
Code Optimization £ 1.1sConvex() == YES )

printf("f is convex. ")
C-code Generation
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&/ Symbolic Functions OPTEC
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Example 2 (code optimization):

Matri x A(3, 3);
Vector b(3);
Differential State x(3);

Function f;
A. set Zero();
A(0,0) =1.0; A(1,1) =2.0; A(2,2) = 3.0;
b(0) = 1.0; b(1) = 1.0; b(2) = 1.0;
f « AxX + Db;

expect 9 multiplications 9 additions to evaluate f .
ACADO needs 3 multiplications and 3 additions.
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DAE simulation and sensitivity generation:

- several Runge Kutta and a BDF integrator.
- first and second order automatic differentiation.
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Integration Algorithms OPTEC

¥

DAE simulation and sensitivity generation:

several Runge Kutta and a BDF integrator.
first and second order automatic differentiation.
The BDF routine solves fully implicit index 1 DAE’s:

Vi€ [0,T]: F(t,y(t),y(t),u(t),p) =0.
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NG/ Integration Algorithms OPTEC

S

DAE simulation and sensitivity generation:

several Runge Kutta and a BDF integrator.
first and second order automatic differentiation.
The BDF routine solves fully implicit index 1 DAE’s:

vie0,T]:  F(ty(t),y(t),u(t),p) =0.
Continous output of trajectories and sensitivities.

Integrators are also available as stand alone
package.

Sparse LA solvers can be linked.

ACADO Toolkit - Automatic Control and Dvnamic Optimization — p. 12/24



N3 Nonlinear Optimization Algorithms  ©OFIEC
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Nonlinear Optimal Control Problem
ACADO solves problem of the general form:

minimize Jo L(r,y(),u(r),p)dr + M(y(T),p)
subject to:
vt [0,T]: 0 = f(t,9t),y),u(t),p)

0 = 7(y(0),y(T),p)

vt e [0,T]: 0 > s(ty(t),u(t),p)
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Implemented Solution Methods
Discretization: Single- or Multiple Shooting

NLP solution: several SQP type methods e.g. with
BFGS Hessian Approximations or
Gauss-Newton Hessian Approximations

Globalization: based on line search
QP solution: active set methods (qpQASES)
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Nonlinear Optimization Algorithms  ©OFIEC
I

Implemented Solution Methods
Discretization: Single- or Multiple Shooting

NLP solution: several SQP type methods e.g. with
BFGS Hessian Approximations or
Gauss-Newton Hessian Approximations

Globalization: based on line search

QP solution: active set methods (qpQASES)
Latest Feature:

Automatic Code Export for NMPC
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ACADO Code Generation OPTEC

Main ldea:

- Automatically generate tailored C code for each
specific application
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ACADO Code Generation OPTEC

Main ldea:

Automatically generate tailored C code for each
specific application

Advantages:
Faster execution as all overhead is avoided

Fixing problem dimensions avoids dynamic memory
allocation

Plain C code is highly platform-independent
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- Export ODE system and its derivatives as optimized
C-code

- Generate a tailored Runge-Kutta method with
constant stepsizes
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ACADO Code Generation in Detalil OPTEC

Export ODE system and its derivatives as optimized
C-code

Generate a tailored Runge-Kutta method with
constant stepsizes

Generate a discretization algorithm (single- or
multiple-shooting)

Generate a real-time iteration Gauss-Newton
method and employ CVXGEN or adapted variant of
gpQASES
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ACADO Code Generation in Detall

(cont.)

OPTEC

erential State p, Vv, phi, onega;

Cont r ol a.

Matrix Q = eye( 4 );
Matrix R = eye( 1 );

Differential EQuation f;

«

«

«

— oy oy =y

«

OCP

ocp.

ocp.
ocp.
ocp.
ocp.
ocp.
ocp.

dot (p) == v,

dot (v) == a;

dot ( phi) == onega;

dot (onmega) == -g+*sin(phi)

-axcos( phi) - b*onega;

ocp( 0.0, 5.0 ,10 );
mnimzelLSQ Q R);

subjectTo( f );

subj ect To( AT _START, p == 0.5
subj ect To( AT_START, v == 0.0
subj ect To( AT _START, phi == 0.0
subj ect To( AT_START, onega == 0.0
subjectTo( -0.2 <= a <= 0.2);

Optim zati onAl gorithm al gorithnmocp);

al gorithm sol ve();
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ACADO Code Generation in Detall

(cont.)

EC

erential State p, Vv, phi, onega;

Cont r ol a.

Matrix Q = eye( 4 );
Matrix R = eye( 1 );

Differential EQuation f;

«

«

«

— oy oy =y

«

OCP

ocp.

ocp.
ocp.
ocp.
ocp.
ocp.
ocp.

dot (p) == v,

dot (v) == a;

dot ( phi) == onega;

dot (onmega) == -g+*sin(phi)

-axcos( phi) - b*onega;

ocp( 0.0, 5.0 ,10 );
mnimzelLSQ Q R);

subjectTo( f );

subj ect To( AT _START, p == 0.5
subj ect To( AT_START, v == 0.0
subj ect To( AT _START, phi == 0.0
subj ect To( AT_START, onega == 0.0
subjectTo( -0.2 <= a <= 0.2);

MPCexport npc( ocp );

npc.

export Code( "nane" );
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Run-Time of the Auto-Generated

NMPC Algorithm OPTEC
I

We simulate the simple crane ODE model: 4 states, 1 control input,
10 control steps

One real-time iteration of the auto-generated NMPC algorithm
takes less than 0.1 ms:

CPU time | Percentage

Integration & sensitivities 34 us 63 %
Condensing 11 us 20 %
QP solution (with gpQASES) 5 1S 9%
Remaining operations < 5 us < 8%

One complete real-time iteration 54 us 100 %
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& Another Example: CSTR Benchmark OFIEC

* We simulate a continuously stirred tank reactor described by the
following nonlinear ODE:

calt) = wilcao—ca(t)) —ki(9(t)ca(t) — ks(9(t))(ca(t)?
ép(t) = —uien(t) 4+ ki(9(8)calt) — ka(9(8))en(t)
§(t) = ur(o — () + A (96 — 9(1))
PLUD VR
-5 |k (9(8)ea () Hr + k2 (9(1))en () Ha + ks (9()) (ca () Hs |
Sr(t) = mKéPK (uz + ko AR (O(t) — 5 (1))
where
E; .
kl(fﬁ(t)) = kio - exp <?9(t)/ “C + 27315> y U= 17273

* 4 states, 2 control inputs, 10 control steps
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% Another Example: CSTR Benchmark
\&/ (cont.) OPTEC

¥

- concentration of A [mol/L] 1 mncentiration QfBE (molL] scaled feed flow: u1 [1/s]
18 ;
16
12 ||
: | sl 0.0 sl 10 4 e _ s
0 3000 6000 9000 0 3000 6000 9000 0 3000 6000 9000
_.. temperature in the reactor [C] _.. temperature of the jacket [C] _._heat removal rate: u2 [kJ/s]
: | : : I S
2 - |
6 L
_________ RS S —— t
| | el | . ) 10 : : !Bl
0 3000 6000 9000 0 3000 6000 9000 0 3000 6000 9000
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Run-Time of the Auto-Generated

NMPC Algorithm OPTEC
I

For the CSTR example, one real-time iteration of the
auto-generated NMPC algorithm takes about 0.2 ms:

CPU time | Percentage

Integration & sensitivities 117 ps 65 %
Condensing 31 us 17%
QP solution (with gpOQASES) 28 1S 16 %
Remaining operations < 5 us <2%

A complete real-time iteration 181 us 100 %
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Summary OPTEC

Highlights of ACADO
Self contained C++ code
Automatic differentiation, integration routines
Single- and multiple shooting
SQP methods (exact Hessian, GN, BFGS,...)
Easy setup of optimal control problems
Real-time iteration algorithms and code export
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OPTEC

Thank you for your attention!
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