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Abstract. Monitoringgainsimportancefor many technicalsystems
suchas robots,productionlines or anti lock brakes.A monitoring
systemfor technicalsystemsmustbe able to dealwith incomplete
knowledgeof the supervisedsystem,to processnoisy observations
andto reactwithin predefinedtime windows. This paperpresentsa
new approachto monitoring technicalsystemsbasedon imprecise
models.Our approachrepeatedlypartitionstheuncertaintyspaceof
animprecisemodelandchecksthederivedmodel’s statefor consis-
tency with themeasurements.Inconsistentpartitionsarethenrefuted
resultingin asmalleruncertaintyspaceandafasterfailuredetection.
This paperfurther focuseson the extensionof our basicapproach
to monitoringsystemsthatexhibit bothcontinuousanddiscretebe-
haviors. Our monitoringsystemhasbeenimplementedusingCOTS
componentsand hasbeendemonstratedin online monitoring of a
non-trivial heatingsystem.

Keywords: fault detection;hybrid systems;imprecisemodels;
residualgeneration

1 INTRODUCTION

Theprimaryobjective of a monitoringsystemis to detectabnormal
behaviors of a supervisedsystemassoonaspossibleto avoid shut-
down or damage.Technicalsystemssuchasrobots,productionlines
or anti lock brakesprovideavastnumberof challengesfor amonitor-
ing system,i.e., it mustbeableto dealwith incompleteknowledge
aboutthe supervisedsystem,to processnoisy observationsand to
reactwithin predefinedtimewindows.

A particularly importantandwidely-appliedapproachis model-
basedmonitoring [6, 5] which relies on a comparisonof the pre-
dictedbehavior of a modelwith theobservedbehavior of thesuper-
vised system.Our approachusing dynamicuncertaintyspacepar-
titioning [12] is basedon imprecisemodelswherethe structureof
the modelsis known andthe parametersmay be impreciselygiven
asnumericintervals.Theseparameterintervalsspantheuncertainty
spaceof themodel.Fromanimprecisemodelbasedonintervalsonly
boundson the trajectory(envelopes)can be derived. Dynamicun-
certaintyspacepartitioningkeepstheenvelopessmallby exploiting
the measurementsfrom the supervisedsystemassoonaspossible.
Whenever new measurementsarrive residualsare generatedat the
“cornerpoints”of theuncertaintyspaceandcheckedfor consistency
by comparingtheir signs.This resultsin a fastfault detection[12].

The fundamentalassumptionof dynamicuncertaintyspacepar-
titioning is that the model’s statevaluesare monotonicwithin the�
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rangeof theuncertaintyspace.Discontinuoustransitionsin thesys-
tem’smodelmayintroducenon-monotonicbehaviorsin thestateval-
uesand,therefore,violateourassumptionfor theconsistency check.
In orderto preserve a conservative monitoringapproachfor hybrid
systems,we have to extendour consistency checkby a monotonic-
ity check. Whenever themonotonicityof thestatevaluesis giventhe
consistency checkcanbe performedpotentiallyresultingin a refu-
tationof the imprecisemodel.If themonotonicityis not known the
consistency checkis simply ignoredandnomodelis refuted.

Theremainderof this paperis organizedasfollows.Section2 de-
scribesthetechnicaldetailsof uncertaintyspacepartitioningandthe
consistency check.Section3 discussesthe necessaryextensionsof
our approachto monitoringsystemswhich exhibit both continuous
anddiscretebehaviors.Section4 presentsexperimentalresultsof our
monitoringapproachin a real-world systemwith severalchangesof
a input value.A discussionanda summaryof relatedwork conclude
thispaper.

2 MONITORING BASED ON UNCERTAINTY
SPACE PARTITIONING

2.1 Overview

Monitoring methodsbasedon imprecisemodelscanreasonwith in-
completeknowledge in the model as well as with noisy measure-
ments.A main drawbackof this approach,however, is that the en-
velopesmay diverge very rapidly which delaysor even inhibits a
fault recognition.We have revisedthis interval approachto model-
basedmonitoring with the primary goal to keep the resultingen-
velopesassmallaspossible.

In ourapproach,weexploit themeasurementsfrom thesupervised
systemassoonaspossibleto refinetheuncertaintyin themodeland
thederivedenvelopes.Thekey stepin ourapproachis to partitionthe
uncertaintyspaceof themodelinto severalsubspaces.Thetrajecto-
ries derived from eachsubspaceare then checked for consistency
with the measurements.Eachinconsistentsubspaceis refutedand
excluded from further investigations.Partitioning and consistency
checkingarecontinuedresultingin asmalleruncertaintyspaceof the
model.Whenall subspacearerefuted,a discrepancy betweenmodel
predictionandobservationhasbeenrecognizedanda fault hasbeen
detected.

2.2 Subspace Partitioning and Consistency
Checking

In general,a technicalsystemcanbemodeledas�����
	������� ����� ��� ����� ��� ��������
������ ��� � � (1)



where � � is the statevectorat discretetime � , � � is the input vec-
tor at time � , � � is the parametervector at time � , ��� is the out-
put vector at time � , and � and 	 are vector functions. In an ex-
act model, � � is a vector of real numbers.However, in a model
with uncertainparameters,� � is replacedby a vector of intervals�� ���! "�$# ��% � � # ��% � �&� �$# �&% � � # �&% � �&�('�'('�� �$# ) % � � # ) % � ��*,+-� where . is the
numberof uncertainparameters.A modelwith uncertainparameters,
i.e.,an imprecisemodel, canthereforebedescribedas:�� � �
	�� �� ��� � ��� �/� � � �� �/� � �������
��� ���� � �� � � (2)

Equation2 is thestartingpoint of our approach.It definesanim-
precisemodelof the supervisedsystemwith . uncertainparame-
ters. Thus, this model has a . -dimensionaluncertaintyspace.In
orderto divide this uncertaintyspacewe have to definea partition�0��1�2 "�3 ��% � � 3 ��% � �&� �3 �&% � � 3 �&% � �&�('('�'(� �3 ) % � � 3 ) % � ��* + with

�04�65 �� � .
A completepartitioningof the uncertaintyspaceat any time � into7

partitionsmustsatisfy the following condition 8:9 �0�; 9=<� � �� �
where > �@? ��A(A(A(� 7 . A modelbasedon a partition of the uncer-
tainty spaceis referredto assubspacemodel. Fromthedefinitionof
a partition,we canfinally definethestateof a subspacemodel > :��B; 9C<� �
	�� ��B; 9C<��� � ��� ��� � � �0�; 9=<��� � ��� ; 9=<� �D��� �� ; 9=<� � �0 ; 9=<� �&A (3)

With the monotonicityassumptionof 	 and � with regardto the
parameters� � over therangeof theintervals,the(uncertain)stateof
asubspacemodelcanberepresentedby the(exact)stateof thecorner
pointsof a subspace.Thecornerpointsof a subspacearedefinedas
all combinationsof upperandlowerboundsof apartition

�0FE andcan
berepresentedasset G ; 9C<� �IH �0 ; 9C<� % JLK with M �N? ��A(A�A(��O ) . Thus,an
uncertaintyspaceof dimension. resultsin O ) cornerpoints.The
statesat thecornerpointscanberepresentedasset

P ; 9=<� �QHR� ; 9=<� % JTS � ; 9C<� % J �D	��� ; 9=<��� ��% J ��� ��� ��� 0 ; 9=<�/� ��% J � KU ; 9=<� �QH��-; 9=<� % J S �-; 9C<� % � �V�����; 9=<� % J � 0�; 9=<� % J � K (4)

where0 ; 9C<� % J is anexactparametervectorat time � from thesubspace> andat corner M �W? ��A(A(A(��O ) of this subspace.Note, that � ; 9=<� % J
arestatevectors,andalso � ; 9=<� % J areoutputvectorswith exactvalues.
Note that this approachassumesthat the parametersof the system
areconstant,andarenot varying in time. This assumptionwill be
discussedlater.

This representationof an uncertainstateis directly exploited by
our consistency checkfor a given subspace> . First, a residual is
calculatedfor eachstateat a cornerpoint using the measurements
at time � , i.e., X ; 9=<� % J �Y� � % 9CZ\[�]_^a`�Z\b�c �-; 9C<� % J � where X ; 9=<� % J has the

samedimension d as ��� % 9CZ�[�]_^a`�Z�b and �B; 9=<� % J . Then, the minimum
andmaximumvaluesof theresidualaredeterminedase ; 9=<� % 9 J,fg% h �
i�j"kJ H�e ; 9C<� % J% h K (5)el; 9C<� % 9m[�n % h �
iLoapJ H�el; 9C<� % J% hqK (6)

with M �r? ��A(A(A(��O ) , and s �t? ��A(A(A�� d . Finally, subspacemodel >
is checkedfor consistency simplyby comparingthesignsof e ; 9=<� % 9 J,fg% h
and el; 9C<� % 9m[�n % h . Thesubspacemodel > is consistentwith themeasure-
ments,if f

sgn�e ; 9=<� % 9 Jufl% h �wv� sgn�e ; 9=<� % 9m[�n % h � (7)
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Figure 1. Consistency checkwith oneuncertainparameterx andthree
subspacesyz � , yz � , and yz�{ . Theresidualsat thecornerpointsof subspaceyz �
arebothnegative, therefore,themodelwith thesubspaceyz � is inconsistent

with themeasurement.In subspaceyz � , theresidualsat thecornerpointshave
differentsigns.Thus, yz � is consistent.For theparameterrangeof subspaceyz�{ themonotonicityassumptionis violated.In this case,checkingthe

residuals’signsat thecornerpointsis not feasible.

holdsfor all elementss �I? ��A�A(A(� d .
Informally, Equation7 checkswhetherthezerovectorlies within

the“residualsubspace”(seeFigure1). If thisequationis violated,the
subspacemodel > is refuted.This simpleconsistency checkholds
also if not all elementsof � are includedin the measurements.In
thiscase,acomparisonwith themissingelementsis simply ignored.
Sincethis techniqueis basedon thecalculationof anexactstate(at
cornerpoints),we canusestandardnumericalmethodsfor comput-
ing the solution of differential equations.Note that subspacesare
only refutedwhenthey aregenuinelyinconsistentwith themeasure-
ments.

Dueto theuncertaintyin theparametersthismethodmayresultin
divergingenvelopes.Thisdeviationof thepredictedvalueto the“cor-
rect” valueover time is referredto asaccumulationuncertainty. In
orderto keepthisdeviationsmallwehavealsointroducedadynamic
partitioning of the subspacemodels.During monitoring consistent
subspacesarefurtherpartitionedresultingin smallersubspacemod-
els that potentially describethe supervisedsystemmore precisely
[12].

3 MONITORING PIECEWISE CONTINUOUS
BEHAVIORS

3.1 Monotonicity at Transitions

In orderto extendour approachto monitoringpiecewisecontinuous
behaviors anddiscretetransitions,we musthave a closerlook at our
monotonicityassumption.Rememberthat the result of our consis-
tency checkis only valid if thestatevalueswithin thesubspaceare
monotonic.

In generalthemonotonicityof thestatevalueswith regardto the
parametersis notguaranteedby themonotonicityof thesystemequa-
tions 	 and � . The monotonicityis only given whenthe following
assumptionsalsohold:

1. thesysteminput � doesnotchange,and
2. the initial valuesof a subspacemodelarethesameover its com-

pleteuncertaintyspace.

Both assumptionsareimportantfor monitoringdiscreteandcon-
tinuousbehaviors.Thefirst assumptionisespeciallyrelevantfor tran-
sitionsbecausethey areoften triggeredby stepwisechangesof the



systeminput (e.g.,causedby operatoractions).Suchtransitionsvio-
late,therefore,thefirst assumption.Thesecondassumptionis asim-
pleconsequenceof theintegrationof thegivendifferentialequation:

�B� � � �
���}|m~ ��
��|r��B�� �\� � (8)

If the initial states� ��| aredifferentat somecornersin the sub-
spacemodel,thestatevalues��� maynot bemonotonic(evenif �� is
monotonic).However, monotonicityis guaranteedaftersometime.

As discussedabove discontinuoustransitionsmayresultin a non-
monotonicityof the statevalueswith regardto the parameters(for
a limited periodof time),which in turn leadsto anincorrectconsis-
tency check.Thus,to maintaina correct(andconservative) monitor-
ing techniquewe mustextendtheconsistency checkby a checkfor
monotonicity. If themonotonicityis not guaranteedtheconsistency
check is simply ignoredand this subspacecan not be refuted.At
sometime after the transitionthesubspacemaybecomemonotonic
againandtheconsistency checkcanbeappliedagain.

3.2 Checking for Monotonicity

The monotonicityof the statevaluesfor an individual subspaceis
checkedby thefollowing method.

Wedefinea matrix � � � � � �\��� with theelements� J h � � � � ����� ������ J � � � � �\���� # h � (9)

where � is the time, � the statevector, and � the parametervector
with its elements# h . We alsodefinethe matrix � � � � � �_��� with the
elements �

J h � � � � ����� � � � J � � ������ # h A (10)

Thematrix � � � � � ����� is calculatedby� � � � � � ������ � �D��� � � � ����� � � � � � ����� ~ � � � � � �_���&� (11)

where � ��� � ��� ����� � � (the empty matrix), and the matrix��� � � � ����� is definedas� J h � � � � �_��� �t���� J � � � � ������ � h A (12)

The elements

�
J h � � � � �\��� give us the trend of the statevalue� J � � ����� with regard to the parameter# h . This is exploited by our

monotonicitycheck: Thestatevaluesof asubspacemodelaremono-
tonic, if f

sgn�
�
J h&% 9 J,f�� � sgn�

�
J h&% 9m[�n � (13)

holds for all statevalues M ��? �(A(A�A���� andall directionsof the
uncertaintyspaces ��? �(A(A�A�� . .

�
J h&% 9 J,f are the appropriateval-

uesof

�
J h � � � � ����� at thecorner >�M�� , and

�
J h&% 9m[(n arethe valuesof

�
J h � � � � �\��� at thecorner > �g� of thatsubspacemodel(asdescribed

with Equations5 and6).
Figure2 depictsthemonotonicitycheck.In general,the informa-

tion at thecornerpointsis not sufficient to decideon monotonicity.
However, assumingthe monotonicityof the functions 	 and � with
regardto theparameter, themonotonicitycheckbecomessufficient.

Thecalculationof themonotonicitycheckimpliesanumericalso-
lution of thedifferentialequation(Equation12).However, sincewe
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Figure 2. Monotonicitycheckwith onestatevalueandoneparameter. To
checkthesubspacemodelfor monotonicity, thegradientsof thestatevalues

with regardto theparametersarecalculatedat thecornerpoints.In this
example,thesubspaceyz � is monotoneandthesubspaceyz � violatesthe

monotonicitycheck.

usealsoa differentialdescriptionof thesystem( 	�� �� ), themono-
tonicity checkdoesnotsignificantlyincreasethecomputationalload.
Notethatmatrix � is constantfor linearsystems.

4 THE MONOTONICITY CHECK IN A
REAL-WORLD SYSTEM

We now examinethe monotonicitybehavior on a “real” technical
systemwhich is comprisedof three heating/coolingcomponents
mountedon a thermal conductive plate. A processcontrol com-
puter (B&R 2003) controls the threeheating/coolingcomponents.
Themeasuredsamplesaswell asthecontrolactionsissuedaretrans-
ferredto themonitoringsystemvia aRS232interface.

Ourmodelwhich includesthethreecomponentswith heatingele-
mentsis givenas

�� � � ��F� �3 J� c � � � � � c � � � c¡� ��� � � � c � � ����� � � ���¢ �3 J,� ~ � ��� � � � c � �(� c¡� � � � � c � � �c£� � { � � � c � { ����� { � ���¤ �3 J { ~ � � { � � � c � { � c¡� { � � { c � � ��� (14)

where
� J is the temperatureof the threecomponents,¥ J is the

massof thecomponents,3 J is theheatflow into thecomponents,� J
the thermalconductivity betweenthecomponentM andtheenviron-
ment, � J h the thermalconductivity betweenthecomponentM and s ,
and

� � thetemperatureof theenvironment.We canreducethecom-
plexity of thismodelby exploiting thesymmetricconstructionof the
heatingsystem( � { � � � , � � { � � ��� , ¥ { � ¥ � ) resultingin a total
of fiveuncertainparameters.

Thestatevectoris givenas �¦�§� � � � � � � � { � + , theinputvectoras� �N�3 J� � 3 J,� � 3 J { � � � � + , andtheoutputvectoras���N� � � ~ � � � � � ~� �¨� � { ~ � { � + , where� J is thenoiseof eachtemperaturesensor. The
noiseparametersarealsoincludedin theuncertaintyspaceresulting
in a total of eight uncertainparameters.Note that noiseparameters
arenot dynamicallypartitionedinto smaller intervals and they are
notconsideredby themonotonicitycheck.

We have measuredthe input valueswith 3(©&ªaª«�¬? A Oa¯® and3 © f �±° lA ²q® (heatingelementis either turnedoff or turnedon).
With an initial refinementstep,we get the parameterintervals as� � �³ � A ? Og� � A ?(° * , � � �! � A ?�´ � � A ? ²a* , � ��� �µ � A ¶¯Og� � A · ° * , ¥ � � ´�? � ´ a* , ¥ � �N ¶ ? ��¶ ´ * . Therefinementstepis performedin a single
continuousbehavior segment[12].

To examine the non-monotonicbehavior in the system,we ob-
serve the systemafter a transition,andcountthe subspacemodels,
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Figure 3. Measurementsfrom theheatingsystemusedfor monotonicitychecking.Theinput ¸ � is generatedby theprocesscontrolcomputerandsentto the
monitoringsystem.

which aremarkedasnon-monotonic.Over time, this givesusa pic-
ture,how thetransitionproducenon-monotonicityin thestatevalues.
Wechoosethefollowing scenario:

Control state 1: Heat
� � until

� � reaches· � . Thengo to state2.
Control state 2: Heat

� � , if
� ��¹t· � . If � ] � [ � Z ��º ?(�q�q»R¼ � , go to

state3.
Control state 3: Heat

� � , if
� � ¹V½ � . If � ] � [ � Z { º ?��¨�¯»�¼

�=¾ � � º½ � , go to state4.
Control state 4: Do notheat.If

� �À¿ ´¨� , go to state1.

Figure3 plots the resultingmeasurementsfor this scenario.The
heatingflag Á � (generatedby the PCC) is used,to get a discrete
changeof aninput.To implementtheheatingelementcharacteristic,
we assumean additionalmass¥=Â anda thermalconductivity � � Â
betweencomponentO andtheheatingmass:

�� Â � � ?¥=Â ��° O�A ²qO Á � c � � Â � � Â � c � � ��� (15)3 J,� � ? A Oa ~ � � Â � � Â � c � � � (16)

To demonstratethenon-monotoniceffect aftera stepwisechange
of an input, we checkthemonotonicityof all subspacemodels,and
count non-monotonicsubspacemodels, i.e., which violate Equa-
tion 13.Figure4 shows apartof thescenario,wherethetemperature
of component2 is holdat90degree(controlstate3).For thisplot,we
have startedwith 128subspacemodels,andno dynamicpartitioning
is introduced.Dueto thediscretecontrollertheheatingis turnedon
andoff several times.At eachtransitionabout40 subspacemodels
arenon-monotonic.An interestingobservation in this figure is, that
thenon-monotonicsubspacesdisappearquickly, if theheatingflagis
turnedoff only for a shorttime.

Figure5 showsthenumberof thenon-monotonicsubspacemodels
after control state3. Thepeakhereis about30 subspacemodels.It
shows, that non-monotonicsubspacemodelsarealsoexisting for a
“longer” time period(hereabout400seconds)after the lastdiscrete
changeof aninput.

Non-monotonicsubspacemodelsarenot refuted,and,therefore,
do not make any contribution to decreasetheuncertaintyspace.Al-
thoughthenumberof non-monotonicsubspacemodelsarequitehigh
(about50 percentof thecurrentsubspacemodels)for sometimes.it
hasnotasignificantlyinfluenceto therefutation.Thereasonis, how-
ever, thatsuchpeaksdoesnot hold for long time,sotheconsistency
checksoonbecomesvalid again.At thisexamplethenumberof con-
sistentsubspacemodelsat theendof thescenariois about20.
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Figure 5. Thenon-monotonicityaftertheswitchingperiod.Drawn are(as
sameasin figure4) themeasurementandtheenvelopesof Ã � , theheating
flag ¸ � andthenumberof non-monotonicsubspacemodelsÄÆÅ . Some

subspacemodelsarenon-monotonicaftertheheatingperiod.

5 DISCUSSION

In thispaper, wehavepresentedamodel-basedmonitoringapproach
basedon uncertaintyspacepartitioning.The fundamentalassump-
tion of this approachis themonotonicityof thestatevalueswith re-
gardto the rangeof the parameters.In systemswhich exhibit both
discreteandcontinuousbehaviors themonotonicitycannot beguar-
anteedonly by themonotonicityof thevectorfunctions.Thus,in or-
der to applyour basicapproachto monitorhybrid systems,we have
introduceda monotonicitycheckfor thestatevalues.

Note the differenceof monitoring basedon pre-calculateden-
velopeswith our approach.With pre-calculatedenvelopes,the en-
velopesremainconstantover the completemonitoring process.In
ourapproach,theenvelopesmaybecomesmallerthantheinitial ones
due to the refutationof inconsistentsubspacesduring monitoring.
This resultsin anearlierdetectionof faults.However, thereis a sig-
nificantincreasein thecomputationalloadof subspacepartitioning.

Our approachis basedon computingthe envelopesof differen-
tial equations.For complex models,theoverall runtimeof our mon-
itoring algorithmis dominatedby solvingthedifferentialequations,
especiallywhena high-precisemethodsuchasRunge-Kuttais used.
Thecomputationalcomplexity of ouralgorithmfor asingletime-step
canbeestimatedas Ç � 7 O ) �}Èw~ÊÉ ��� (17)

where
7

is thenumberof partitions,. is thenumberof uncertainty
parameters,È is thetime of theRunge-Kuttaalgorithm,and É is the
timeof thematrixmultiplicationaccordingto Equation11.ThetimeÈ stronglydependson thedynamicpropertiesof thesystem,andfor
highdynamicsystems,theassumptionÈLË6É holds.
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Figure 4. Firstoverview of themonotonicityof thetechnicalsystem.Drawn arethemeasuredÃ � with its envelopes,̧ � is theheatingflag for thesecond
component,and ÄÆÅ is thenumberof thenon-monotonesubspacemodels.Thediscretechangeof theinputmakesadirectlyeffect to themonotonicityof the

statevalues.

This approachcanalsobe seenassystemidentification, because
refutingsubspacemodelsreducestheuncertaintyspace,resultingin
smallerboundingintervals on the parameters.Measurementnoise
canalsobehandledby introducingadditionaluncertaintyparameters
into themodel.

However, this approachis in contrastto traditionalsystemidenti-
fication wherethe modelspaceis specifiedby a parameterizeddif-
ferentialequation.Identificationselectsnumericalparametervalues
so thatsimulationof themodelbestmatchesthemeasurements.By
usingrefutationinsteadof searchour methodis ableto derive guar-
anteedboundson thetrajectories.

Model-basedmonitoring using uncertaintyspacepartitioning is
relatedto the interval identificationalgorithmof Schaichet al. [13].
In their approachthe consistency check is only performedat the
qualitative level. Thus,valuabledetectiontime is lost,aslong asthe
fault is only manifestedin a quantitative value.PetridisanKehagias
[10] have also developedan algorithm with subspacepartitioning.
The partitioning is only performedin advanceand the consistency
checkis basedon probabilitiesdependingon the noisein the sys-
tem. Other work in monitoring [7, 9, 3] usesmultiple modelsfor
fault detection.Thesemodelsrepresentknown faultsof the super-
visedsystem.From the viewpoint of systemidentification,our ap-
proachis closely relatedto semi-quantitative systemidentification
[8]. Identificationof both approachesare groundedon the refuta-
tion of subspacemodelsthat areknown to be inconsistentwith the
measurements.Semi-quantitative systemidentificationperformsre-
finementat thequalitative andinterval level. Semi-quantitative sys-
tem identificationhasalsobeenappliedto model-basedmonitoring
[11]. BonariniandBontempi[4] have developeda quitesimilar ap-
proachto ourconsistency check.However, they have focusedonun-
certaintyinitial statevalues,which aregiven as intervals. Also re-
latedto our work is Armengolet al. [1, 2]. Thesimulationis based
on modalinterval arithmetics,which producesoverboundedandun-
derboundedenvelopesof a technicalsystem.To minimize the rate
of falseandmissedalarms,theuncertaintyspaceis only partitioned
at critical measurements(which arebetweentheunderboundedand
overboundedenvelopes).In comparisonto our approach,we sim-
ulateat eachcornerof the uncertaintyspace,which leadsto exact
envelopes(no falseandmissedalarms,accordingto observability)
for linearsystems.

Directionsfor future work include (i) the incorporationof (un-
known) discontinuoustransitionsin our monitoring approach,(ii)

further investigationson themonotonicitypropertiesaftera discon-
tinuoustransition,especiallyin the context of non-linearsystems,
and (iii) the improvementof the dynamicuncertaintyspaceparti-
tioning.
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