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Abstract— In this paper we demonstrate the implementation
of model predictive control (MPC) for vibration suppressionof
the �rst � ve bending 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 processor. Experimental
results show that MPC offers impr oved performance for this
application when compared with other standard approaches.

I . INTRODUCTION

In this paperwe describethe applicationof MPC (Model
Predictive Control) to an active structure,namely, the can-
tilever beamillustratedin Figures1 and2. This apparatusis
a simplerepresentationof many systemsexperiencedin the
�eld of active vibration control. Examplesinclude �e xible
links, dualstagehard-drives,smartaerospacestructures,and
high-speedrobotics[18]. The commonobjective is to aug-
ment mechanicaldampingthrough the useof piezoelectric
strainactuators.

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

In the �eld of processcontrol,MPC hasbeensuccessfully
applied for 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
performance,this requiressamplingratesof 5kHz.

Although this applicationis of independentinterest,the
maincontributionof thispaperis theimplementationof MPC
usingstandardactive-setoptimisationtechniquesat sampling
ratesup to 25kHz usingan inexpensive 200MHz DSP.

In terms of closed-loopperformance,the preferredim-
plementationusesa 12 step-aheadprediction horizon and
a control interval of 200� s. Recordedworst-casesolution
timesshow that theQP is easilysolvedwithin this time, and
thebene�ts of achieving this areclearly illustratedby exper-
imental results.Furthermore,two samplingintervals, 5kHz
and25kHz, arecomparedto observe the effectsof absolute
predictionhorizon(in seconds)on closed-loopperformance.

Included in this paper is a descriptionof the cantilever
beamusedin laboratoryexperimentstogetherwith an iden-
ti�ed modelof thebeam- SectionII. Thestateobserver and
MPC structureare provided in Section III. The Quadratic
Programming(QP) structureandactive-setsolution method
are explainedin SectionIV. Implementationdetails for the
Digital Signal Processor(DSP) are given in Section V.
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Fig. 1. Experimentalapparatus.

Fig. 2. Planview schematicof the experimentalapparatus.

Experimentalresultsare presentedin SectionVI and Sec-
tion VII concludesthe paper.

I I . PLANT - CANTILEVER BEAM

As shown in Figures1 and2, theexperimentalsetupcom-
prisesa uniform aluminiumbeam,clampedat oneend,and
freeat theother. Suchanapparatusis a simplerepresentation
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Fig. 3. Magnitude(dB) frequency responseof identi�ed beammodelversus
measuredfrequency response

of many systemsexperiencedin the �eld of active vibration
control.

Although six piezoelectrictransducersare bondedto the
front andrearsurfaces,only threepatchesarerequiredin this
application.Remainingpatchesareshortcircuitedto isolate
their responsefrom the structuraldynamics.

The beamis 550mm in length, 3mm in thickness,and
50mm in width. The transducercentersare mounted55
and 215mm from the clampedbase.All transducersare
manufacturedfrom 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-voltage ampli�ers to the
basepatches.The location of thesepatches,over an area
of high modal strain, affords suf�cient authority over all
structuralmodes.The mechanicalstrainat the beamcenter,
acquiredby buffering the induced open-circuit transducer
voltage, is utilised as the feedback variable y: For the
purposeof performanceanalysis,a PolytecLaserVibrometer
is employed to measurethe tip velocity.

A. SystemIdenti�cation

The frequency domainclassof subspacealgorithms[15]
hasproven useful for the identi�cation of high-ordermulti-
variable resonantstructuraland acousticsystems[16]. By
applying a periodic chirp to eachinput successively (while
zeroingtheremaininginput), a matrix of SISOfrequency re-
sponsemeasurementscanbeconstructed.A total of 908FFT
pointsfrom theexperimentalsystemwereutilisedto identify
a 14 statetwo-input two-outputmodel1. A satisfactory�t in
the frequency domaincanbe observed in Figure3.

For the purposesof control, only the transfer function
betweeninput u andvoltagemeasurementy, andthetransfer
function betweendisturbance! and measurementy are
considered.The correspondingdiscrete-timestate-spacere-
lationshipbetweenu, ! andy is given by

� t +1 = Ap � t + Bu ut + B ! ! t ;
yt = Cp � t + Du ut + D ! ! t + � t :

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

In order to adequately observe and control the high-
frequency contentof y, sampleratesof 5kHz (approximately
10 times the frequency of the highestmodeunder consid-
eration)and25kHz are tested.Comparisonsareprovided in
SectionVI.

Thedisturbance! t andmeasurementnoise� t areassumed
to be Gaussiandistributed with zero meanand respective
covariancesof � ! and � � with no cross-covariance,i.e.

�
! t
� t

�
� N

��
0
0

�
;
�
� ! 0
0 � �

��
:

I I I . OBSERVER AND MPC STRUCTURE

In this application,we are interestedin rejecting distur-
bances! using feedbackcontrol betweenthe measurement
y andinput u. An importantconsiderationis that thecontrol
actionu haslimited authoritydue to voltageboundson the
ampli�er. Although this presentsan ideal situationfor using
MPC it is challengingin light of the desiredsampleratesof
5kHz and 25kHz (i.e. sampleintervals of 200� s and 40� s
respectively).

In what follows we provide somebackgroundmaterialon
MPC andthespeci�c structureusedin this application.More
detailon MPC canbefoundin many surveys includingthose
by [1], [2], [6], [13], [14] and [19]. Surveys of industrial
applicationscanbe found in [22].

As the namesuggests,MPC requiresa model (seeSec-
tion II) andamethodof predictingfuturestates/outputsof the
plant. Thesepredictionsareusedin determiningan optimal
(in termsof a control objective function)control actionover
a predictionhorizonN .

Beforeconsideringthe estimationproblem,we discussan
embellishmentof theplant modelthat is pertinentto closed-
loop performance.From SectionII we seethat the model
incorporatesthe �rst � ve modesof the beam only. Since
higherfrequency modesexist, but areunmodeled,their effect
on closed-loopperformancecan be devastating,as indeed
observed during experimentaltrials. To compensatefor this
we include a penalty on high frequency control action by
augmentingthe plant model to generatea high-pass�ltered
versionof theinput signal,andincludea penaltyon this term
in the control objective function.

More precisely, we constructeda fourth order discrete-
time Butterworth high-pass�lter with 3dB roll-off point
at 450Hz (c.f. frequency responsein Figure 3). The state-
spacematricescorrespondingto this �lter are denotedby
(A f ; B f ; Cf ; D f ) and the augmentedsystemis given by

x t +1 = Ax t + B ut + F ! t ;
zt = Cx t + Dut + G! t + H � t :

where

A =
�

Ap 0
0 A f

�
; B =

�
Bu
B f

�
; C =

�
Cp 0
0 Cf

�
;

D =
�

D u
D f

�
; F =

�
B !
0

�
; G =

�
D !
0

�
; H =

�
I
0

�
:

Combinedwith the 14 statesusedto representthe �rst � ve
modes,this resultsin an 18 statemodel.

In terms of predicting the stateswe use a steadystate
Kalmanpredictor, which undertheGaussianassumptionson
! t and � t , provides optimal (in minimum variancesense)
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prediction of statesand outputs.This results in a Kalman
gain matrix L suchthat

bx t +1 j t = Abx t j t � 1 + B ut +
�

L (yt � byt j t � 1)
0

�
; (1)

byt j t � 1 = [Cp 0] bx t j t � 1 + Du ut ;

L =
�
ApX CT

p + Z
� �

CpX CT
p + V

� � 1
; (2)

X = W + ApX AT
p � L

�
CpX CT

p + V
�

L T ;

W = B ! � ! B T
! ;

V = � � + � ! D 2
! ;

Z = B ! � ! D !

We actually requireestimatesof the state/outputover the
entire predictionhorizon from time t + 1 until time t + N .
Since we alreadyhave bx t +1 j t , the optimal estimatesfrom
time t + 1 to t + N can be obtainedas follows (for more
detail regardingoptimal predictionseee.g. [11]).

bx t + k+1 j t = Abx t + k j t + B ut + k ; (3)
bzt + k j t = Cbx t + k j t + Dut + k : (4)

Of course,the above predictionsdependon future inputs
ut +1 ; : : : ; ut + N , which are free variables.This is important
becauseit enablesa searchfor the best(accordingto some
control objective function) sequenceof future inputs.

Concerningthe control objective function J , we use the
following structure

J (bx t +1 j t ; u t ) ,
1X

k=1

jj bzt + k j t jj
2
Q + jjut + k jj2

R ;

where u t denotesan input sequencef ut +1 ; ut +2 ; : : :g and
bzt + k j t denotesthe controlledoutput estimateat time t + k
given input and output measurementsup to and including
time t. Of coursethis can be replacedby a �nite horizon
cost function with a penaltyon the terminalstateasfollows

J (bx t +1 j t ; u t ) = jj bx t + N +1 j t jj
2
P +

NX

k=1

jj bzt + k j t jj
2
Q + jjut + k jj2

R ;

where N is called the prediction horizon and P is the
solution to the following DARE,

P = CT QC + AT PA � K
�

B T PB + R + D T QD
�

K T ; (5)

K = �
�

AT PB + CT QD
� �

B T PB + R + D T QD
� � 1

: (6)

In addition to minimising the control objective function J ,
it is desirablethat the input signalu (seeFigure2) satis�es
certainhardconstraints,in this caseupperandlower bounds
dueto ampli�er voltagelimits. SuchconstraintsenterMPC
in a naturalmannerassideconditionson theoptimalcontrol
actioncalculation.More precisely, theoptimalcontrolaction
u �

t over the predictionhorizonN is obtainedby solving the
following quadraticprogramgiven bx t +1 j t

(MP C) : u �
t = argmin

u t
J (bx t +1 j t ; u t )

s.t. u t 2 U;

where U is a, preferablynon-empty, polyhedron.The �rst
elementof u �

t , namelyut +1 , is the optimal control move to
be appliedat the next time interval (i.e. t6 in Figure4). At
the next time interval we obtain new information aboutthe
plantoutputandrepeattheprocess- seeSectionV for more
details.

IV. QUADRATIC PROGRAMMING SOLVER

In this Sectionwe providesomedetailon theconstruction,
and method for solving the quadratic program (MP C)
online.

To simplify subsequentnotation we de�ne a stacked
version of the predictedoutput and terminal stateand the
future inputsas follows.

Z t ,

2

6
6
4

bzt +1 j t
...

bzt + N j t
bx t + N +1 j t

3

7
7
5 ; Ut ,

2

4
ut +1

...
ut + N

3

5 :

From the relationships(3) and(4)

Z t = � bx t +1 j t + � Ut ; (7)

where

� ,

2

6
6
6
6
6
6
4

C
CA
CA2

...
CAN � 1

AN

3

7
7
7
7
7
7
5

; � ,

2

6
6
6
6
6
6
4

D
CB D
CAB CB D
...

.. .
CAN � 2B � � � � � � CB D
AN � 1B � � � � � � AB B

3

7
7
7
7
7
7
5

:

Using thesede�nitions, thecostfunctionJ canbeexpanded
to offer a moreconvenientquadraticform in termsof bx t +1 j t
andUt as

J (bx t +1 j t ; Ut ) = UT
t H Ut + 2UT

t f + c:

Herec is a constantterm thatmay besafelyignoredandthe
termsH andf aregiven by

H = � T �Q� + �R; f = � bx t +1 j t ; � = � T �Q� ; (8)

with

�Q ,

2

6
6
4

Q
...

Q
P

3

7
7
5 ; �R ,

2

6
6
4

R
R

...
R

3

7
7
5

It is important to note that H dependson certainmatrices,
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 N nu � N nu , but



only half the entriesneedto be storedsinceit is symmetric
by construction.On the other hand,only part of f can be
computedoff-line, namely� , sincebx t +1 j t is likely to change
every control interval. Nevertheless,f can be computed
online usinga matrix vectormultiplication given in (8).

In light of the above de�nitions, (MP C) can be equiva-
lently statedas(wherebx t +1 j t subsumedwithin f )

(MP C) : U �
t = argmin

Ut

UT
t H Ut + 2UT

t f

s.t. Ut 2 �U

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
many quadratic programming routines - see e.g.
http://www.numerical.rl.ac.uk/qp/qp .html .
However, for time-critical online optimisation it is often
necessaryto adaptthesetools in order to exploit problem
structureand circumvent inapplicablepreprocessingof the
probleminstance.

For this applicationwe have implemented2 an active-set
methodbasedon thework of [8], [20] and[23]. This method
requires a positive de�nite Hessian matrix H ; which is
automaticallysatis�ed, for example,whenever R is positive
de�nite. It doesnot require a feasible initial point (in the
primal space),which simpli�es the algorithm. It handles
equality, generalinequalityandsimpleboundconstraintsin
a straightforward manner. It caters for “hot starting”, i.e.
whereprevious solutionsareusedto initialise the algorithm
(althoughthis featureis notexploitedin our implementation).
Furthermore,it hasbeenre�ned in the open literatureand
opensourcecommunityfor some20 years.

The methodis basedon maintainingtwo matricesZa and
Ra such that ZaZ T

a = H � 1 and Z T
a Aa = Ra , where the

columnsof Aa hold the normals to the active constraints
and Ra is an uppertriangularmatrix. Note that sinceH is
computedof�ine thenZa canalsobe computedof�ine.

Each iteration of the algorithm involves the addition of
a violated constraint - if any remain - to the active-set
of constraints.There is also the possibility of droppingan
alreadyactive constraintif no longerneeded(i.e. an associ-
atednegative Lagrangemultiplier). The implementationuses
Givensrotations(seee.g.[9]) to updatethematricesZa and
Ra in a numericallyrobust fashion.

A commondif�culty whenusingonlineoptimisationalgo-
rithms is the uncertaintyover solution time. Somemethods
offer better theoreticalcomplexity limits than others - see
e.g.[25] - however, in practicetheef�cacy andef�ciency of
analgorithmoftendependson theprobleminstance(seee.g.
[24]). In order to provide someidea of the performanceof
this algorithmwe include a histogramof actualcompletion
timesfor differenthorizonlengthsin SectionVI. Althougha
suitableinterior-pointalgorithmwasdevelopedin C3, further
developmentinto assemblylanguageis an outstandingtask.

V. IMPLEMENTATION ON DSP
Part of thephilosophywhendevelopingthis controllerwas

to ensurethat the MPC algorithm including stateobserver

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

3This algorithm is basedon ideasusedin OOQPby [7]. In particular,
Mehrotra's predictor-correctorapproach[17] and Gondzio's multiple cen-
trality correctors[10] areboth employed.

and quadraticprogrammingsolver 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 Converter) and a
singlechannelDAC (Digital-to-AnalogConverter).

The ADSP-21262is a 32-bit �oating point DSP running
at a clock speedof 200MHz. All instructionsare single
cycle (except division which is closer to eight) with the
capability of performing2 instructionsin parallel; although
this featureis not being used.All software usedfor online
purposeswas developedmanually in assemblerin order to
minimise overhead.Furthermore,memoryrequirementsfor
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 andonlinecalculations.Of�ine calculations
proceedas follows.

Procedure 1 Given the plant model in terms of the state-
spacesystemmatricesA; B ; C; D , computethe following:

1) Determinenoisecovarianceterms� ! and � � .
2) CalculateL according to Equation(2).
3) Choosethe prediction horizonN and stateand input

weightingmatricesQ and R according to acceptable
performance. CalculateP according to (5).

4) ConstructH and � according to (8).
5) Constructthe constraint set U according to physical

limitations and desired 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 each time interval t (correspondingto t0
in Figure 4), completethe following tasks,

1) Apply thepreviouslycalculatedcontrol moveut to the
system(calculatedas ut +1 in the previous iteration).

2) Measure the systemoutputyt .
3) Estimatethe current state bx t +1 j t using the measured

outputsand inputsaccording to (1).
4) Computef according to (8).
5) Computethe next control move ut +1 by selectingthe

�r st control move from U �
t , which is obtained by

solvingMP C.
6) PreloadDAC with ut +1 .

Memory requirementsnecessaryto perform the MPC
algorithm are shown in Table I, wheren is the numberof
states,p is thenumberof outputs,m is thenumberof inputs
andN is the predictionhorizon.

VI . EXPERIMENTAL RESULTS

In this section,someexperimentalresultsarepresentedfor
thecantilever beamapparatusdescribedin SectionII andthe
MPC algorithmdescribedin SectionsIII, IV andV.

In terms of the of�ine procedurefrom Section V, we
use the following values.The noise covariancesare given
by � ! = 1 and � � = 10� 12 and the controller weighting
matricesare set to Q = diagf 10; 100g and R = 1. The
constraint set U was constructedas (simple bounds on
actuatorvoltageprior to ampli�cation - seeSectionII)

U = f U 2 RN : � 0:2 � Ui � 0:2; for i = 1; : : : ; N g:



The �rst experimentis intendedto show that the controller
performsto a satisfactorylevel in theabsenceof hitting con-
straints.To achievethis,we useda periodicchirp disturbance
rangingfrom 5Hzto 800Hzandadjustedthedisturbancegain
so thatactuatorlimits werenot encountered.Figure5 shows
theopenandclosedloop responsefor this controllerin both
simulationandin practice.It canbe seenthat the controller
is performing well and the match betweensimulation and
actualresultsis satisfactory.

In light of this we proceededto testtheconstrainthandling
capabilitiesof MPC by increasingthe gain of the periodic
chirp disturbanceto ensurethat limits wereencountered.

In termsof comparingthe performancewe also testedan
LQG controller that is “clipped” when hitting constraints.
In fact, the particularLQG controller gain matrix is given
by Equation (6) so that ut +1 = K bx t +1 j t is the optimal
control action in the absenceof constraints.Actually, by
constructionthis control actioncoincideswith that obtained
from MPC whenconstraintsareinactive. In fact,thereexists
a region for which SLQG and MPC coincide even when
hitting constraints[4]. To bemoreprecisetheSaturatedLQG
control law (SLQG) is given by

ut +1 =

8
<

:

0:2 if K bx t +1 j t > 0:2;
� 0:2 if K bx t +1 j t < � 0:2;
K bx t +1 j t otherwise:

Figure6 shows time-domainplots of themeasuredbeamtip
velocity whendisturbedby a band-pass�ltered stepfunction
under the control of MPC and SLQG at 5kHz samplerate
with prediction horizon N = 12. To generatethe �ltered
step function an 8th order Butterworth �lter is used with
passband between230–270Hz,which correspondsto the
4th mode- seeFigure3.

Althoughthereis visibleevidencefrom Figure6 thatMPC
outperformsSLQG, Figure 7 con�rms this by showing the
output and input energy signalsfor a seriesof �ltered step
disturbancesunderboth MPC andSLQG.

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 same factor in order to have the same
predictive capabilitiesas the 5kHz controller. In practice,
this compoundingeffect forcesus to reducethe prediction
horizon from N = 12 to N = 4 insteadof increasingit to
N = 60 - comparewith TableII which shows theworst-case
solution time for the QP methodunderdifferent prediction
horizons.Figure 8 shows the output and input energy for
the caseof 25kHz sampling,andasexpectedthereis now a
marginal differencebetweenMPC andSLQG.

The above results illustrate that MPC has an associated
performancebene�t for this application,althoughsomecare
needsto be exercisedwhenconsideringthe 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 II. For these values we
considereda samplerate of 5kHz and usedperiodic chirp
disturbance.

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

maximum QP solve times are recorded.Also recordedin
Table II are the numberof times constraintswere active at
the solutionduring the testperiod.

Table III provides someidea of the distribution for QP
solve timeswith predictionhorizonN = 12. Thedisturbance
signalappliedis the sameasfor the previous testcondition.
Table IV shows the number of constraintsactive at the
solution of the QP versusthe numberof times eachcase
occurred.

VI I . CONCLUSION

While MPC has attractedenormousresearchinterest, it
is commonlyperceived that dif�culties associatedwith 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
structuralcontrol resultsare of interest in their own right,
the problemwasalsochosenfor its suitability in examining
thesecomputationaloverheadissues.In relationto this,a key
outcomewasto illustratethatusinga very inexpensive hard-
wareplatform,theMPC actionbasedon a non-trivial model
(18 state),a reasonablepredictionhorizon(12 samples)and
with constraints,can be straightforwardly computedin less
than150� s.

With regard to this particular application, the quadratic
program associatedwith MPC falls within a class of
quadraticprogramsthat can be modelled using a sector-
boundednonlinearity[12]. As such,standardrobuststability
results(includingmodeluncertainty)aredirectly applicable.
Although this issuefalls outsidethe scopeof this paper, it
alignswell with previouswork usingrobustcontrolfor active
structures.
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Fig. 5. Open and closed loop frequency responses(no actuatorlimits
encountered)
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Fig. 6. Comparisonof tip velocity for MPC andSaturatedLQG (SLQG)
runningat 5kHz samplingratewhena �ltered stepfunction (for 4th mode)
is appliedto the disturbancepatch.Notice a distinct reductionin settling
time.
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Fig. 7. Comparisonof output and input energy for MPC and Saturated
LQG (SLQG) runningat 5kHz samplingratewhena seriesof �ltered step
functions(for 4th mode)are appliedto the disturbancepatch.Notice that
both in termsof input andoutputenergy, MPC outperformsSLQG.

0.5 1 1.5 2 2.5 3

x 10
4

0

0.1

0.2

0.3

0.4

0.5

E
ne

rg
y 

in
 O

ut
pu

t

Comparison of Output and Input Energy for MPC and Saturated LQG

SLQG
MPC

0.5 1 1.5 2 2.5 3

x 10
4

0

20

40

60

80

100

E
ne

rg
y 

in
 In

tp
ut

Time (samples)

SLQG
MPC

Fig. 8. Comparisonof output and input energy for MPC and Saturated
LQG (SLQG)runningat 25kHzsamplingratewhena seriesof �ltered step
functions (for 4th mode) are applied to the disturbancepatch.There is a
reducedperformancesaving comparedwith the 5kHz case.

Data for No. of 32 bit words
Observer n ( n + m + p + 2) + m + p + 3

QP 4( N m ) 2 + N m ( n + 6) + 5

TABLE I
MEMORY REQUIREMENTS FOR OBSERVER AND QUADRATIC

PROGRAMMING SOLVER ON DSP.

N QP clock cycles Hit constraints Max. time (� s)
4 5962 74748 29.81
6 10347 75609 51.735
8 13745 75088 68.725
10 20356 74379 101.78
12 27742 75384 138.71

TABLE II
WORST-CASE TIME TO SOLVE QP FOR DIFFERENT HORIZONS N .

QP clock cycles No. timesQP solved
c < 5000 1197566

5000� c < 7500 90002
7500 � c < 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 III
SPREAD OF QP SOLVE TIMES FOR N = 12

No. active No. times
1 106084
2 114076
3 55391
4 23208
5 5644
6 68

7–11 0
12 23

TABLE IV
NUMBER OF CONSTRAINTS ACTIVE AT SOLUTION (LEFT COLUMN) AND

NUMBER OF TIMES ACTIVE (RIGHT COLUMN) FOR N = 12.


