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Overview 

 

! Optimization in Engineering Center OPTEC 
!  Sequential Convex Programming 
! Real-Time Sequential Convex Programming 
!  [Open Source Software ACADO] 
!  [Experiments with Tethered Airplanes] 
 
 



OPTEC - Optimization in Engineering Center 
 
Center of Excellence of KU Leuven, since 2005 
    70 people, working jointly on methods and applications of optimization, 
    in 5 departments: 
 
!  Electrical Engineering 
! Mechanical Engineering  
! Chemical Engineering  
! Computer Science 
! Civil Engineering 
 
Many real world applications at OPTEC...     



OPTEC Research Example: Time Optimal Robot Motion 

 
Robot shall 
write as fast 
as possible. 
Global solution found 
in 2 ms due to  
convex reformulation 



OPTEC Research Example: Topology Optimization 

Miche Jansen                 
with 3 supervisors        
from 3 departments 



OPTEC: 70 people in five methodological working groups 
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Integrated Real-World Application Projects 

Optimization Education & Training 
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Dynamic Optimization Problem 

Structured parametric Nonlinear Program (pNLP) 
!  Initial Value        is often not known beforehand (“online data” in MPC) 
! Discrete time dynamics come from ODE simulation (“multiple shooting”)  
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Sequential Convex Programming (SCP) 

  
 
      Step 1: Linearize nonlinear constraints at       to obtain convex problem: 

 
 
      Step 2: Solve convex problem to obtain next iterate  
                    



Why could SCP be useful ? 

! Generalizes Sequential Quadratic Programming (SQP) to 
non-polyhedral constraint sets 

!  Some constraints cannot easily be formulated as inequalities 
! Convex subproblems reliably solvable 
!  Possibly better approximations of original NLP 
 
Examples:  
!  Ellipsoids e.g. Terminal Regions in Model Predictive Control 
!  Second Order Cone Constraints e.g. in Robust Optimization 
! Matrix Inequalities e.g. in Linear Controller Design  

 à cf. Sequential Semidefinite Programming [Fares, Noll, 
Apkarian, SICON, 2002] 

 



The Bad News on SCP 

!  SCP only has only linear convergence in general 
! Cannot be improved by any positive semi-definite bounded Hessian 

approximation in subproblems: 

!  Proof based on simple non-convex 2-D example: 

 [Diehl, Jarre, Vogelbusch, SIOPT, 2006] 
  



The Curse of Convexity 

 
 
 
 

Convex sub-problems imply linear (or slower) convergence. 
 
 
 



The Good News on SCP 

Many widely and very successfully used methods are similar to 
SCP and in practice have sufficiently fast (linear) convergence: 
 
! Method of Moving Asymptotes [Svanberg, 1987] 
! Gauss-Newton Method and Variants* [Levenberg, 1944; Morrison, 

1960; Marquardt, 1963]  
! Generalized Gauss-Newton Method* [Bock, 1983] 
! DC-Programming* e.g. [Pham, 1985] 
!  Sequential Linear Programming* [Palacios, Lasdon, Enquist, 1982]

(in important special cases, SLP even has quadratic convergence) 

 
* Can be regarded as special cases of this talk’s SCP framework 

 
 



Special SCP Method for Matrix Inequalities 

Convex concave decompositions of Bilinear Matrix Inequalities:  
 
 
 
 
Where 
 
SCP sub-problem is convex Generalized Semidefinite Program: 
 
 
 
 
No globalisation necessary. Easy and reliable algorithm for BMIs 

  [Tran Dinh, Gumussoy, Michiels, Diehl, IEEETAC, 2012] 



Application to Sparse Linear Controller Design 

! Regard non-convex problem with bilinear matrix inequalities (BMI) 

! Decompose BMI using one of several possible psd-DC 
decompositions, e.g.  

 
  [Tran Dinh, Gumussoy, Michiels, Diehl, IEEETAC, 2012] 



Good Performance for Convex Concave SCP 

 
 
 
 
 
 
 
 
  

 
  [Tran Dinh, Gumussoy, Michiels, Diehl, IEEETAC, 2012] 
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Brain predicts and optimizes: 
e.g. slow down before curve 

Model Predictive Control (MPC) 

Idea: always look a bit into the future. 



Dynamic Optimization Problem 

Parametric Nonlinear Program 
!  Initial Value        is often not known beforehand (“online data” in MPC) 



Nonlinear MPC = parametric NLP 

!  Solution manifold is piecewise differentiable (kinks at active set changes) 

! Critical regions are non-polyhedral 
NLP sensitivity  

How to deal with a 
sequence of large 
parameter changes? 
NLP Pathfollowing! 



!  In each iteration, linearize and solve parametric QP with inequalities 
 
 
 

 
 
!  This “Initial Value Embedding” delivers first order prediction also at active 

set changes [D. 2001].  

Sequential Quadratic Programming for p-NLP 



SQP Real-Time Iteration [D. 2001] 

!  long “preparation phase” for linearization 
!  fast “feedback phase” (QP solution once        is known) 



Real-Time Sequential Convex Programming  
 
 
      Step 1: Linearize nonlinear constraints at      to obtain convex problem: 

       
 Step 2: Solve convex problem to obtain next iterate.  

                   Obtain new value of parameter       and go to step 1. 
 
 
  

  [Diehl, Bock, Schloeder, Findeisen, Nagy, Allgower, JPC, 2002] 
  [Zavala, Anitescu, SICON, 2010]  
  [Tran Dinh, Savorgnan, Diehl, SIOPT, 2013] 

 



Adjoint Based SCP Variant 

!  SCP also works with inexact Jacobian matrices… 

! …if a gradient correction based on multiplier guess       is used: 

 
 (should be computed by adjoint mode of automatic differentiation) 

!  Still linear convergence [Tran Dinh, Savorgnan, Diehl, SIOPT, 2013] 
 cf. [Griewank, Walther, 2002; D., Walther, Bock, Kostina, OMS, 2010] 

 



Real-Time SCP Contraction Estimate 

 
 
 
 
 
Contraction estimate for primal dual errors:  
 
 
 
 
Contraction depends on bounds on nonlinearity, Jacobian error, and on strong 

regularity. Contraction rate independent of active set changes! 
 
 

     [Tran Dinh, Savorgnan, Diehl, SIOPT, 2013] 
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ACADO Toolkit  [1] 

! ACADO = Automatic Control and Dynamic Optimization 
 
! Open source (LGPL) C++:   www. acadotoolkit. org  
!  Implements direct multiple shooting [2] and real-time iterations [3]  
! User interface close to mathematical syntax 
! Automatic C-Code Export for Microsecond Nonlinear MPC [4] 

! Developed at OPTEC by B. Houska, H.J. Ferreau, M. Vukov, ... 
!  ~3000 downloads since first release in 2009 

[1] Houska, Ferreau, D., OCAM, 2011 
[2] Bock, Plitt, IFAC WC, 1984 
[3] D., Bock, Schloder, Findeisen, Nagy, Allgower, JPC, 2002 
[4] Houska, Ferreau, D., Automatica, 2011 
 



ACADO Code Generation for Benchmark CSTR 

CSTR Benchmark by [Klatt & Engell 1993] 
 
 



ACADO Code Generation for Benchmark CSTR 

CSTR Benchmark by [Klatt & Engell 1993] 
 
 CPU Times for ACADO: 

From  [Houska, Ferreau, D., Automatica, 2011] 
 

NMPC now 100 000x faster than 1997 (200x by CPU, 500x by algorithms) 



 
 
! Moving Horizon Estimation (MHE): Get State by Least Squares Optimization 
! Noninear Model Predictive Control (NMPC): Solve Optimal Control Problem 
 

NMPC Practice: Estimation AND Optimization 

NMPC Prediction Horizon 

MHE Estimation Horizon 
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What is the Optimal Wind Turbine ? 



Crosswind Kite Power 

!  Fly kite fast in crosswind direction 
!  Very strong force. 

But where could a generator be driven? 



Variant 1: On-Board Generator 

!  attach small wind turbines to kite 
!  cable transmits power 
 

 
Pro: light, high speed generators 
Con: high voltage power transmission 
 
 



Variant 2: Generator on Ground 
Cycle consists of two phases: 
!  Power generation phase: 

•  Fly kite fast, have high force 
•  unwind cable 
•  generate power 

! Retraction phase: 
•  Slow down kite, reduce force 
•  pull back line 

! Cycle produces same power as 
(gigantic) windmill of same wing area 



Variant 2: Generator on Ground 
Cycle consists of two phases: 
!  Power generation phase: 

•  Fly kite fast, have high force 
•  unwind cable 
•  generate power 

! Retraction phase: 
•  Slow down kite, reduce force 
•  pull back line 

 
Pro: all electric parts on ground 
Con: heavy, slow generator 
 
 



Seminal Paper by Miles Loyd in 1980 

! Wing area of 1m2 can deliver up to 40 kW electric power 
(200 x higher power density than PV) 



European Research Council Project, 2011-2016 
  

                                                 HIGHWIND 
 
Simulation, Optimization, and Control of High Altitude Wind Power Generators 
 
Aim: Guide the development of high altitude wind power, focus on modeling, 

optimization, and control, plus small scale experiments.  
 



Current ERC HIGHWIND Team 

Prof. Moritz Diehl 
principal investigator  

Prof. Jan Swevers 
control systems 

Prof. Dirk Vandepitte 
mechanical design 

Prof. Johan Meyers  
CFD simulation  

Dr. Sébastien Gros 
coordinator, simulation  

Dr. Andrew Wagner 
vision & hardware  

Joris Gillis 
stability optimization 

Kurt Geebelen 
control experiments 

Mario Zanon 
predictive control 

Milan Vukov 
embedded optimization 

Greg Horn 
large system optimization 



Nonlinear MPC and MHE of Leuven Power Plane 

Repeat: 
1. Get latest measurements 
2. Estimate current state (MHE) 
3. Optimize predicted trajector (NMPC) 
4. Implement first NMPC control 
 
Challenges: 
!  Nonlinear, unstable differential 

equation model (22 states) 
!  ~10 milliseconds to solve two 

optimal control problems  
!  Control hardware, not desktop PC 



ACADO Code Generation for Tethered Airplanes 
                      

!  22 states 
!  2 controls 
!  1 s Prediction/Estimation Horizon  
!  Implicit RK Integrator (by R. Quirynen) 
 
 
 
      4 ms Execution times for one optimization problem (on i7 2.5 GHz) 
 
 
 
 
 

 



MHE+NMPC Experiments (Aug 22, 2012) 



MHE+NMPC Experiments (Aug 22, 2012) 



ERC HIGHWIND Vision: replace steel by intelligent control 



ERC HIGHWIND Vision: replace steel by intelligent control 


