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Abstract—In this paper we demonstrate the implementation
of model predictive control (MPC) for vibration suppressionof
the rst vebending modesof an active structur e. For adequate
performance, this requires a 5kHz sampling rate, which is
achieved using a standard active-set optimisation technique
running on a 200MHz digital signal processar Experimental
results shav that MPC offers improved performance for this
application when compared with other standard approaches.

|. INTRODUCTION

In this paperwe describethe applicationof MPC (Model
Predictive Control) to an active structure,namely the can-
tilever beamillustratedin Figuresl and2. This apparatuss
a simplerepresentatiomf mary systemsexperiencedn the
eld of active vibration control. Examplesinclude e xible
links, dual stagehard-drives,smartaerospacstructuresand
high-speedobotics[18]. The commonobjectie is to aug-
ment mechanicaldampingthroughthe use of piezoelectric
strain actuators.

In situationswhere piezoelectricactuatorshave limited
control authority for examplewhenhitting ampli er voltage
limits, thencontrol performancenay suffer unduly. Standard
techniquesfor active structural control [5], [21], do not
explicitly caterfor sucha scenario.

In the eld of processcontrol, MPC hasbeensuccessfully
appliedfor the regulation of systemssubjectto constraints
- seee.g.[13], [22] and[26]. Here,we investigatethe use
of MPC to provide active dampingfor the rst ve bending
modesof the beamwhile satisfying input constraints.For
performancethis requiressamplingratesof 5kHz.

Although this applicationis of independeninterest,the
maincontribution of this papeiis theimplementatiorof MPC
usingstandardactive-setoptimisationtechniquest sampling
ratesup to 25kHz using an inexpensve 200MHz DSP

In terms of closed-loopperformance the preferredim-
plementationusesa 12 step-aheadprediction horizon and
a control interval of 200 s. Recordedworst-casesolution
timesshaw thatthe QP is easilysolved within this time, and
the bene ts of achieving this areclearlyillustratedby exper
imental results. Furthermore two samplingintervals, 5kHz
and 25kHz, are comparedo obsene the effects of absolute
predictionhorizon(in secondspn closed-loopperformance.

Includedin this paperis a descriptionof the cantilever
beamusedin laboratoryexperimentstogetherwith aniden-
tied modelof thebeam- Sectionll. The stateobsenerand
MPC structureare provided in Sectionlll. The Quadratic
Programming(QP) structureand active-setsolution method
are explainedin SectionlV. Implementationdetailsfor the
Digital Signal Processor(DSP) are given in Section V.
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Fig. 1. Experimentalapparatus.
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Fig. 2. Planview schematioof the experimentalapparatus.

Experimentalresultsare presentedn SectionVI and Sec-
tion VII concludeshe paper

Il. PLANT - CANTILEVER BEAM

As shawvn in Figuresl and2, the experimentalsetupcom-
prisesa uniform aluminiumbeam,clampedat one end, and
freeatthe other Suchanapparatuss a simplerepresentation
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of mary systemsexperiencedn the eld of active vibration
control.

Although six piezoelectrictransducersare bondedto the
front andrearsurfacespnly threepatchesarerequiredin this
application.Remainingpatchesare shortcircuitedto isolate
their responsdrom the structuraldynamics.

The beamis 550mm in length, 3mm in thickness,and
50mm in width. The transducercentersare mounted 55
and 215mm from the clampedbase.All transducersare
manufcturedfrom PhysikinstrumentePIC151piezoelectric
ceramic and are 50mm in length, 25mm in width, and
0.25mm in thickness.

The disturbanceand control signals,w and u respec-
tively, are applied through high-wltage ampli ers to the
basepatches.The location of thesepatches,over an area
of high modal strain, affords sufcient authority over all
structuralmodes.The mechanicaktrain at the beamcenter
acquiredby buffering the induced open-circuit transducer
voltage, is utilised as the feedbackvariable y: For the
purposeof performancenalysisa PolytecLaserVibrometer
is employed to measurehe tip velocity.

A. Systemdenti cation

The frequeny domainclassof subspacalgorithms[15]
hasproven usefulfor the identi cation of high-ordermulti-
variable resonantstructural and acousticsystems[16]. By
applying a periodic chirp to eachinput successiely (while
zeroingthe remaininginput), a matrix of SISOfrequeng re-
sponsameasurementsanbe constructedA total of 908 FFT
pointsfrom the experimentakystenmwereutilisedto identify
a 14 statetwo-input two-outputmodef. A satishctory t in
the frequeny domaincan be obsened in Figure 3.

For the purposesof control, only the transfer function
betweerinputu andvoltagemeasurement, andthetransfer
function betweendisturbance! and measuremeny are
considered.The correspondingliscrete-timestate-spacee-
lationshipbetweenu, ! andy is given by

Ap ¢+ Byuy + By 15
Cpt+Duut+D!!t+ t-

t+1

Yt

1An implementationof McKelveys algorithm[15] is freely available by
contactingAndrewn.Fleming@necastle.edu.au.

In order to adequately obsene and control the high-
frequeng contentof y, sampleratesof 5kHz (approximately
10 times the frequeng of the highestmode under consid-
eration)and 25kHz are tested.Comparisonsare provided in
SectionVI.

Thedisturbance ; andmeasurememntoise ; areassumed
to be Gaussiandistributed with zero mean and respectie

covariancesof ; and  with no cross-cwariance,.e.
Iy N o. , O
t 0’ 0

I1l. OBSERVER AND MPC STRUCTURE

In this application,we are interestedin rejecting distur
bances usingfeedbackcontrol betweenthe measurement
y andinput u. An importantconsiderations thatthe control
actionu haslimited authority due to voltageboundson the
ampli er. Although this presentsanideal situationfor using
MPC it is challengingin light of the desiredsampleratesof
5kHz and 25kHz (i.e. sampleintervals of 200 s and 40 s
respectiely).

In what follows we provide somebackgroundnmaterialon
MPC andthe speci ¢ structureusedin this application.More
detailon MPC canbefoundin mary surweysincludingthose
by [1], [2], [6], [13], [14] and [19]. Surwys of industrial
applicationscan be found in [22].

As the namesuggestsMPC requiresa model (see Sec-
tion II) anda methodof predictingfuture states/outputsf the
plant. Thesepredictionsare usedin determiningan optimal
(in termsof a control objective function) control actionover
a predictionhorizonN .

Before consideringthe estimationproblem,we discussan
embellishmenbf the plant modelthatis pertinentto closed-
loop performance From Sectionll we seethat the model
incorporatesthe rst ve modesof the beamonly. Since
higherfrequeny modesexist, but areunmodeledtheir effect
on closed-loopperformancecan be devastating,as indeed
obsened during experimentaltrials. To compensatdor this
we include a penalty on high frequeng control action by
augmentingthe plant modelto generatea high-passltered
versionof theinput signal,andincludea penaltyon this term
in the control objective function.

More precisely we constructeda fourth order discrete-
time Butterworth high-pass Iter with 3dB roll-off point
at 450Hz (c.f. frequeng responsen Figure 3). The state-
spacematricescorrespondingo this Iter are denotedby
(A ;B ; Ct ; Dt ) andthe augmentedsystemis given by

Xt+1 Axi + Bu + Fly;
Zzz = CXi+Du+Gli{+H ¢:
where
_ Ay O _ By .~_ Cp O
A— 0 Af y B Bf y C— O Cf )
_ Duy ._ B . ~_ D . ,_ |
D= p, :F= 7 6= 7 :H= o

Combinedwith the 14 statesusedto representhe rst
modes,this resultsin an 18 statemodel.

In terms of predicting the stateswe use a steadystate
Kalmanpredictor which underthe Gaussiarassumptionsn
'y and ¢, provides optimal (in minimum variancesense)

ve
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prediction of statesand outputs. This resultsin a Kalman
gain matrix L suchthat

L .
Riijt = ARy 1+ Bue+ % Ota”t 1) ;D)
Bt 1 = [Cp Olkyr 1+ Dyuy;
L = AXCl+Z CXCl+V 1 (2
X = W+AXA] L CXCj+V LT,
W = B B,
vV =+ D
Z = By D

We actually requireestimatesf the state/outpubver the
entire predictionhorizonfrom time t + 1 until timet + N.
Since we already have k., j;, the optimal estimatesfrom
timet+ 1tot+ N canbe obtainedas follows (for more
detail regardingoptimal predictionseee.g.[11]).

B+ ket ARy kjt + BUt+k; (3)

B+ e CRys jt + DUtk 4)

Of course,the above predictionsdependon future inputs
Ut+1 ;050 Ui+ N, Which are free variables.This is important

becauseét enablesa searchfor the best(accordingto some
control objective function) sequencef future inputs.

Concerningthe control objective function J, we usethe
following structure

J(Raajesu) B weli + diUe iR

k=1
where u; denotesan input sequencd U;+1 ; Ui+ ;:::g and
b . denotesthe controlled output estimateat time t + k
given input and output measurementsip to and including
time t. Of coursethis can be replacedby a nite horizon
costfunctionwith a penaltyon the terminalstateasfollows

B kel + liuee ik
k=1

rediction horizon and P is the
ARE,

J(Reerje;Ut) = Jikee N+ jelip +

where N is called the

solutionto the following
P=Cc'QC+A"PA K B"PB+R+D'QD K'; (5)
T T 1

B PB+R+ D QD 1 (6)

K A"PB+CTQD

In addition to minimising the control objective function J,

it is desirablethatthe input signalu (seeFigure 2) satis es
certainhardconstraintsin this caseupperandlower bounds
dueto ampli er voltagelimits. SuchconstraintsenterMPC
in a naturalmannerassideconditionson the optimal control
actioncalculation.More precisely the optimal control action
u, overthe predictionhorizonN is obtainedby solving the
following quadraticprogramgiven R j;

(MP C): uy = amgmin J(®sqje;Ut)
Ut

u: 2 U;

where U is a, preferablynon-empty polyhedron.The rst
elementof u,, namelyu+1 , is the optimal control move to
be appliedat the next time interval (i.e. tg in Figure4). At
the next time interval we obtain new information aboutthe
plantoutputandrepeatthe process seeSectionV for more
details.

S.t.

IV. QUADRATIC PROGRAMMING SOLVER

In this Sectionwe provide somedetail on the construction,
and method for solving the quadratic program (MP C)
online.

To simplify subsequentotation we de ne a stacled
version of the predictedoutput and terminal state and the
future inputs asfollows.

2 3
h+'ljt Upsr
Zt ] : é 1 Ut I} 4 E 5 .
bt+ N jt Uts N
bt+ N +1 jt
From the relationships(3) and (4)
Zi= Bt U (7)
where
2 c 3 2 D 3
CA CB D
CA? CAB CB D
CAN 1 CAN 2B CB D
AN AN 1B AB B

Usingthesede nitions, the costfunctionJ canbe expanded
to offer a more corvenientquadraticform in termsof R, j;
andU; as

J(Ree1ji; W) = U HU + 207 f + ¢

Herec is a constanterm that may be safelyignoredandthe
termsH andf aregivenby

H = TQ +R; f=
with

Q. § |
P R

It is importantto notethat H dependson certain matrices,
namely A; B;C;D;Q;R and P that changeinfrequently
This meansthat H may; and should,be computedoff-line.
Furthermore,the size of this matrix is Nn, Nny, but

Q; ®

jg)t+1jt; =



only half the entriesneedto be storedsinceit is symmetric
by construction.On the other hand, only part of f can be
computedbff-line, namely , sinceky., j; is likely to change
every control interval. Nevertheless,f can be computed
online using a matrix vector multiplication givenin (8).

In light of the abore de nitions, (MP C) canbe equiva-
lently statedas (whereky. j; subsumedwithin f)

(MPC: U = m@nUﬂWﬁZWf
t

U 2U

Under the assumption that U can be constructed
from linear equalities and linear inequalities (i.e. U
is a polyhedron), then MP C may be solved using
mary quadratic programming routines - see e.g.
http://www.numerical.rl.ac.uk/gp/gp .html
However, for time-critical online optimisation it is often
necessaryto adaptthesetools in orderto exploit problem
structureand circumvent inapplicablepreprocessingf the
probleminstance.

For this applicationwe have implemented an active-set
methodbasedon thework of [8], [20] and[23]. This method
requires a positive de nite Hessianmatrix H; which is
automaticallysatis ed, for example,wheneer R is positive
de nite. It doesnot require a feasibleinitial point (in the
primal space),which simpli es the algorithm. It handles
equality generalinequality and simple bound constraintsn
a straightforvard manner It catersfor “hot starting”, i.e.
whereprevious solutionsare usedto initialise the algorithm
(althoughthis featureis notexploitedin ourimplementation).
Furthermore,jt hasbeenre ned in the open literature and
opensourcecommunityfor some20 years.

The methodis basedon maintainingtwo matricesZ , and
Ra suchthatZ,ZT = H ' andZ!A, = R,, wherethe
columnsof A, hold the normalsto the active constraints
and R, is an uppertriangularmatrix. Note that sinceH is
computedof ine thenZ, canalsobe computedof ine.

Each iteration of the algorithm involves the addition of
a violated constraint- if ary remain - to the actve-set
of constraints.Thereis also the possibility of droppingan
alreadyactive constraintif no longerneeded(i.e. an associ-
atednegative Lagrangemultiplier). Theimplementatioruses
Givensrotations(seee.g.[9]) to updatethe matricesZ, and
R4 in a numericallyrobust fashion.

A commondif culty whenusingonline optimisationalgo-
rithms is the uncertaintyover solution time. Somemethods
offer bettertheoreticalcompleity limits than others- see
e.g.[25] - however, in practicethe ef cacy andef ciency of
analgorithmoften dependn the probleminstance(seee.g.
[24]). In orderto provide someidea of the performanceof
this algorithmwe include a histogramof actualcompletion
timesfor differenthorizonlengthsin SectionVI. Althougha
suitableinterior-point algorithmwasdevelopedin C3, further
developmentinto assemblylanguages an outstandingask.

S.t.

V. IMPLEMENTATION ON DSP

Part of the philosophywhendevelopingthis controllerwas
to ensurethat the MPC algorithm including state obsener

2For specic details and code, please contact Adrian Wills via
Adrian.Wills@newcastle.edu.au

3This algorithm is basedon ideasusedin OOQP by [7]. In particular
Mehrotras predictorcorrectorapproach[17] and Gondzios multiple cen-
trality correctors[10] are both emplg/ed.

and quadratic programmingsolver could be implemented
on a standardDSP The particular hardware used for the
MPC experimentsis an Analog Devices ADSP-21262[3]

evaluation kit connectedto an ancillary board containing
a single channelADC (Analog-to-Digital Corverter) and a
single channelDAC (Digital-to-Analog Corverter).

The ADSP-21262is a 32-bit oating point DSP running
at a clock speedof 200MHz. All instructionsare single
cycle (except division which is closerto eight) with the
capability of performing2 instructionsin parallel; although
this featureis not being used.All software usedfor online
purposeswas developedmanuallyin assemblein orderto
minimise overhead.Furthermore memory requirementgor
the algorithmfall well within the availablelimits of on-chip
memoryfor this device.

For this application, as is often the case,MPC can be
split into of ine andonline calculationsOf ine calculations
proceedasfollows.

Procedure 1 Given the plant modelin terms of the state-
spacesystenmatricesA; B; C; D, computethe following:

1) Determinenoisecovarianceterms , and

2) CalculateL accoding to Equation(2).

3) Choosethe prediction horizon N and stateand input
weightingmatricesQ and R accoiding to acceptable
performance CalculateP accoding to (5).

4) ConstructH and accoringto (8).

5) Constructthe constaint setU accowding to physical
limitations and desied operating ranges.

Once the above procedureis complete,MPC is imple-
mentedon the DSP accordingto the following algorithm,
which is alsodepictedin Figure4.

Algorithm V.1 At ead timeinterval t (correspondingo tg
in Figure 4), completethe following tasks,
1) Applythe previouslycalculatedcontmol move u; to the
system(calculatedas u;+1 in the previousiteration).
2) Measue the systemoutputy.
3) Estimatethe current state k.4 j; using the measued
outputsand inputs accoding to (1).
4) Computef accomding to (8).
5) Computethe next contol move ui+; by selectingthe
r st contol move from U, , which is obtained by
solvingMP C.
6) Preload DAC with ug+; .

Memory requirementsnecessaryto perform the MPC
algorithm are shovn in Table I, wheren is the numberof
statesp is the numberof outputs,m is the numberof inputs
andN is the predictionhorizon.

VI. EXPERIMENTAL RESULTS

In this section,someexperimentakesultsarepresentedor
the cantilever beamapparatusiescribedn Sectionll andthe
MPC algorithmdescribedn Sectionslll, IV andV.

In terms of the ofine procedurefrom SectionV, we
use the following values. The noise covariancesare given
by + = 1and = 10 !? andthe controller weighting
matricesare setto Q = diag 10;100g and R = 1. The
constraint set U was constructedas (simple bounds on
actuatorvoltage prior to ampli cation - seeSectionll)

U=fU2RN: 02 U



The rst experimentis intendedto showv that the controller
performsto a satishctorylevel in the absencef hitting con-
straints.To achieve this, we useda periodicchirp disturbance
rangingfrom 5Hz to 800Hzandadjustedhedisturbanceain
sothatactuatodimits were not encounteredrigure5 shavs
the openandclosedloop responsdor this controllerin both
simulationandin practice.lt canbe seenthat the controller
is performing well and the match betweensimulation and
actualresultsis satisactory

In light of this we proceededo testthe constrainthandling
capabilitiesof MPC by increasingthe gain of the periodic
chirp disturbanceo ensurethat limits were encountered.

In termsof comparingthe performancewe alsotestedan
LQG controller that is “clipped” when hitting constraints.
In fact, the particular LQG controller gain matrix is given
by Equation (6) so that u+1 = K1) is the optimal
control action in the absenceof constraints.Actually, by
constructionthis control action coincideswith that obtained
from MPC whenconstraintareinactive. In fact, thereexists
a region for which SLQG and MPC coincide even when
hitting constraint§4]. To be moreprecisethe Saturated QG
control law (SLQG) is given by

< 0:2 if KRgsqje > 0:2;
U+ = . 02 if KRypjr < 0:2
K®.1j; otherwise

Figure 6 shavs time-domainplots of the measuredeamtip
velocity whendisturbedby a band-pasdtered stepfunction
underthe control of MPC and SLQG at 5kHz samplerate
with prediction horizon N = 12. To generatethe ltered
step function an 8th order Butterworth Iter is usedwith
passband between230-270Hz,which correspondgo the
4th mode- seeFigure 3.

Althoughthereis visible evidencefrom Figure6 thatMPC
outperformsSLQG, Figure 7 con rms this by shawing the
outputand input enegy signalsfor a seriesof Itered step
disturbancesinderboth MPC and SLQG.

In order to test the limitations of the current MPC im-
plementation,we increasedthe samplerate from 5kHz to
25kHz. In so doing, we are faced with the reality that
not only doesthe available computationtime decreaseby
a factor of 5, but the prediction horizon N needsto be
increasedby the samefactor in order to have the same
predictve capabilitiesas the 5kHz controller In practice,
this compoundingeffect forces us to reducethe prediction
horizonfrom N = 12to N = 4 insteadof increasingit to
N = 60- comparewith Tablell which shavs the worst-case
solutiontime for the QP methodunder different prediction
horizons. Figure 8 shows the output and input enegy for
the caseof 25kHz sampling,and as expectedthereis now a
mauginal differencebetweenMPC and SLQG.

The above resultsillustrate that MPC has an associated
performancebene t for this application,althoughsomecare
needsto be exercisedwhen consideringthe samplinginter-
val.

In terms of solving the quadratic program online and
within the chosensamplinginterval, we recordedthe worst-
case (i.e. maximum) time to solve the QP for different
prediction horizons N in Table Il. For these values we
considereda samplerate of 5kHz and used periodic chirp
disturbance.

For eachcase the controlleris run for around5 minutes
(approximately1,500,000calls to the QP routine) and the

maximum QP solve times are recorded.Also recordedin
Table Il arethe numberof times constraintswere active at
the solutionduring the test period.

Table Il provides someidea of the distribution for QP
solve timeswith predictionhorizonN = 12. Thedisturbance
signalappliedis the sameasfor the previoustestcondition.
Table IV shaws the number of constraintsactive at the
solution of the QP versusthe numberof times eachcase
occurred.

VIlI. CONCLUSION

While MPC has attractedenormousresearchinterest, it
is commonly perceved that dif culties associatedvith the
required on-line optimisation limit their applicability The
empirical study of this issuehasbeena centralmotivation
for this paper While we believe that the achieved active
structural control resultsare of interestin their own right,
the problemwas also chosertfor its suitability in examining
thesecomputationabverheadssuesin relationto this, akey
outcomewasto illustratethat usinga very inexpensve hard-
ware platform,the MPC actionbasedon a non-trivial model
(18 state),a reasonableredictionhorizon (12 samplesyand
with constraints,can be straightforvardly computedin less
than150 s.

With regard to this particular application, the quadratic
program associatedwith MPC falls within a class of
guadratic programsthat can be modelled using a sector
boundednhonlinearity[12]. As such,standardrobust stability
results(including modeluncertainty)aredirectly applicable.
Although this issuefalls outsidethe scopeof this paper it
alignswell with previouswork usingrobustcontrolfor active
structures.

VIIl. ACKNOWLEDGMENTS

Theauthorggratefullyacknavledgethe help of Will Heath
for technicaldiscussionsandfeedback Will' s help wasvital
to the developmentof this work.

REFERENCES

[1] H. ChenandF. Allgower A quasi-in nite nonlinearmodelpredictive control schemewith guaranteedtability.
Automatica 34(10):1205-12171998.
[2] D.W.Clarke,C. Mohtadi,andP. S. Tuffs. Generalizegredictive control, parts1 and2. Automatica 23(2):137—
148,1987.
[3] AnalogDevices.EvaluationKit for ADSP-2126 SHARCProcessor http://www.analog.com ,1995-2005.
[4] J.DeDona,G. Goodwin,andM. Seron.Anti-windup andmodelpredictive control: Re ectionsandconnections.
EuropeanJournal of Control, 6(5):467-4772000.
[5] C.R.Fuller, S.J. Elliott, andP. A. Nelson. Active Contl of Vibration. AcademicPress,1996.
[6] C.E.Garcia,D. M. Prett,andM. Morari. Model predictive control: Theoryandpractice- A suney. Automatica
25(3):335-3481989.
[7] E. M. Gertz and S. J. Wright. Object-orientedsoftware for quadratic programming. Technical report,
Optimization Technical Report 01-02, Computer SciencesDepartment, University of Wisconsin-Madison,
October2001. http://www.cs.wisc.edu/ swright/papers/ .
D. GoldfarbandA. Idnai. A numerically stabledual methodfor solving strictly corvex quadraticprograms.
MathematicalProgramming 27:1-33,1983.
[9] G.H. GolubandC. F. Van Loan. Matrix Computations Third Edition. The JohnsHopkins University Press,
Baltimore, Maryland, 1996.
[10] J. Gondzio. Multiple centrality correctionsin a primal-dual methodfor linear programming. Computational
Optiomizationand Applications 6:137-156,1996.
[11] G.C. GoodwinandK. S. Sin. Adaptive Itering predictionand control. Prentice-Hallinc., Englevood Cliffs,
New Jersg, 1984.
[12] W. P. HeathandA. G. Wills. Theinherentrobustnesof constrainedinear modelpredictive control. Accepted
for IFAC World CongressPrague 2005.
[13] J.M. Maciejovski. Predictive Control with Constaints. PearsorEducationLimited, Harlow, Esse, 2002.
[14] D. Q. Mayne,J.B. Rawnlings, C. V. Rao,andP. O. M. Scokaert.Constrainednodelpredictive control: Stability
and optimality. Automatica 36:789-8142000.
[15] T. Mckelvey, H. Akcay, and L. Ljung. Subspacebasedmultivariable systemidenti cation from frequeng
responsedata. IEEE Transactionson Automatic Control, 41(7):960-978,July 1996.
[16] T. Mckelvey, A. J. Fleming,and S. O. R. Moheimani. Subspace-basesystemidenti cation for an acoustic
enclosure.Transactionsof the ASME, Journal of Vibration & Acoustics 124(3):414-4192002.
[17] S. Mehrotra. On the implementationof a primal-dualinterior-point method. SIAM Journal on Optimization
2:575-601,1992.
[18] S. O. R. Moheimani,D. Halim, and A. J. Fleming. Spatial Control of Vibration: Theory and Experiments
World Scienti ¢, 2003.
[19] K. R.MuskeandJ.B. Rawlings. Model predictive control with linear models. AIChE Journal, 39(2):262-287,
1993.
[20] M. J.D. Powell. Onthe QudraticProgrammingAlgorithm of Goldfrabandldnani. MathematicalProgramming
Study 25:46-61,1985.
[21] Andre Preumont.Vibration Control of Active Structues volume 50 of Solid Medhanicsand its Applications
Kluwer AcademicPublishers Dordrecht, The Netherlands1997.
[22] S.J.QinandT. A. Badgavell. A surey of industrialmodelpredictive control technology Control Engineering
Practice 11:733-7642003.
[23] K. Schittkowski. QL: A Fortran code for corvex quadratic programming- Users guide, Report, 2003.
Departmentof MathematicsUniversity of Bayreuth.
[24] M. J. Todd. The mary facetsof linear programming.Technicalreport, Ithaca,NY 14853,2000.
[25] A. G.Wills andW. P. Heath. EE03016- Interior-PointMethodsfor Linear Model Predictie Control. Technical
report, Schoolof Electrical Engineeringand ComputerScience University of Newcastle,Australia, 2003.

[8

[26] A. G. Wills andW. P. Heath. Application of barrier function modelpredictive control to an edible oil re ning
process.Journal of ProcessControl, 15(2):183-200March 2005.



Simulated

Magnitude (dB)

Actual

Magnitude (dB)

-160 L L

2

10
Frequency (Hz)

Fig. 5. Openand closedloop frequeng responsegno actuatorlimits
encountered)

Comparison of Tip Velocity for MPC and Saturated LQG
T T T T T T

L L L L
0 100 200 300 400 500 600 700 800

. . . . . .
0 100 200 300 400 500 600 700 800
Time (samples)

Fig. 6. Comparisonof tip velocity for MPC and Saturated_QG (SLQG)
runningat 5kHz samplingratewhena Itered stepfunction (for 4th mode)
is appliedto the disturbancepatch. Notice a distinct reductionin settling
time.

Comparison of Output and Input Energy for MPC and Saturated LQG
T T T T

— SLQG P B
MPC T

Energy in Output
° ° °
S o 2 o R
& 2 B S B
T

I

|

\

I
R I

o

250 — SLQc P
— MPC -t

Energy in Intput

0 L L L L L L
25 3

x10°

15
Time (samples)

Fig. 7. Comparisonof outputand input enegy for MPC and Saturated
LQG (SLQG) runningat 5kHz samplingratewhena seriesof Itered step
functions (for 4th mode)are appliedto the disturbancepatch. Notice that
bothin termsof input and outputenegy, MPC outperformsSLQG.
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Fig. 8. Comparisonof outputand input enegy for MPC and Saturated
LQG (SLQG)runningat 25kHz samplingratewhena seriesof ltered step
functions (for 4th mode) are appliedto the disturbancepatch. Thereis a
reducedperformancesaving comparedwith the 5kHz case.

Datafor No. of 32 bit words
Obserer n(h+m+p+ 2)+m+p+ 3
QP ANm)Z+ Nm(n + 6) + 5

TABLE |
MEMORY REQUIREMENTS FOR OBSERVER AND QUADRATIC
PROGRAMMING SOLVER ON DSP.

N QP clock cycles Hit constraints’ Max. time (" s)

4 74748

6 10347 75609 51.735

8 13745 75088 68.725

10 20356 74379 101.78

12 27742 75384 138.71
TABLE 1l

WORST-CASE TIME TO SOLVE QP FOR DIFFERENT HORIZONSN .

QP clock cycles No. times QP solved
c < 5000 1197566
5000 c< 7500 90002

7500 ¢ < 10000 70154
10000 c< 12500 48030
12500 c< 15000 40836
15000 c< 17500 32899
17500 c< 20000 12444
20000 c< 22500 4667
22500 c< 25000 4923
25000 c< 27500 534
27500 c < 30000 5

c > 30000 0

TABLE I
SPREAD OF QP SOLVE TIMESFORN = 12

No. actve No. times
T 106084 |
2 114076
3 55391
4 23208
5 5644
6 68
7-11 0
12 23
TABLE IV

NUMBER OF CONSTRAINTSACTIVE AT SOLUTION (LEFT COLUMN) AND
NUMBER OF TIMESACTIVE (RIGHT COLUMN) FORN = 12.



