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Abstract- Reinforcementlearningconsistsof acollectionof meth-
odsfor approximatingsolutionsto deterministicandstochastic
optimal control problemsof unknown dynamics. Thesemeth-
odslearnby experiencehow to adjusta closed-loopcontrol rule
which is a mappingfrom the systemstatesto control actions.
This paperproposesan applicationof reinforcementlearning
methodsto thecontrolof aFACTSdevice aimedto damppower
systemoscillations.A detailedcasestudyis carriedoutonasyn-
theticfour-machinepower system.
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1 Intr oduction
Reinforcementlearning(RL) takes its origin in optimal
controltheoryanddynamicprogramming([2]). It aimsat
approximatingby experiencesolutionsto problemsof un-
known dynamics.Yearafteryear, thetechniquesevolved
leadingto a panelof moreandmoreefficient algorithms.
Fromatheoreticalpointof view, many breakthroughshave
beenrealizednotablyconcerningthe convergenceof the
algorithmsandtheirapplicationstononlinearsystems([13],
[10]). Also the steadyincreasein computercapacities
makesRL methodsmore andmore feasible. Therefore,
thepower systemcommunitystartedgettinginterestedin
such techniques,but surprisingly more in market mod-
elling ([5]) ratherthanin nonlinearsystemcontrol. How-
evernew needsappearedrecentlyin powersystemdynam-
icscontrol,especiallywith theintroductionof new devices
basedonpowerelectronics,likeFlexible AlternatingCur-
rentTransmissionSystems(FACTS).

In this paperwe focuson how to controlby meansof RL
algorithmsa FACTS device in orderto damppower sys-
temoscillations,a phenomenonbecomingevenmoreim-
portantwith the growth of extensive power systemsand
especiallywith the interconnectionof thesesystemswith
tiesof limited capacity.

Basically, theRL approachproposedin this paperto con-
trol theFACTSconsistsof anadaptiveclosed-loopcontrol
thattendsto maximizea function,imageof thequality of
theoscillationsdamping.Theonly signalusedby thecon-

troller is the electricalpower transferredin the line mea-
suredat fixed intervals. This is roughly a discretetime
optimalcontrolapproachin which thestatedynamicsand
theobservationequationsareunknown.

Themainadvantagesof sucha controllerarethat it frees
oneselffrom any knowledgeof thepower systemdynam-
ics equations,adaptsitself to changingconditionsandis
ableto actin astochasticenvironment.

This paperis organisedas follows. Section2 sketches
themainfeaturesof reinforcementlearningalgorithmsap-
pliedto discretetimeoptimalcontrol.Thetwo mainclasses
of algorithms,modellearningandnon-modellearningal-
gorithmsare briefly explained. Section3 describesthe
powersystemusedto illustratetheRL basedcontrolalgo-
rithms andthe characteristicsof the FACTSdevice used.
Section4 explainsthedifficultiesto overcomein orderto
applysuccessfullytherathergeneralalgorithmsdescribed
in section2 to the FACTS device control problem. It in-
cludesnotably the designof a function imageof the os-
cillationsdampingquality anda strategy to copewith the
only availability of local measurements.Section5 dis-
cussestheresultsobtainedwhenactingin a constantload
environmentfor differentvariantsof RL algorithms.Sec-
tion6 studiestherobustnessof theseadaptivecontrolalgo-
rithmsto largeexcursionsof theloadlevel of thesystem.
Finally section7 drawsconclusions.

2 Reinforcementlearning algorithms
Reinforcementlearningwill bepresentedherein theframe-
work of discretetime � optimal control ([11]) of a deter-
ministic non-linearsystemwith constantsamplingperiod
andno terminalstate� .
If ��� representsthesampledstatevectorof thesystemat
instant� , 	 � thecontrolactiontakenat � , thenthestatevec-
tor of thesystemat instant��

� (theinstantcorresponding
to thenext sampling)is givenby :�

We restrict our attentionto discretetime to keep things as sim-
ple aspossible,even thoughmany of the ideascanbe extendedto the
continuous-timecase(e.g.see[3] or [10]).�

Introductionof stochasticaspectsaswell asterminalstatesareal-
moststraightforwardbut burdensthenotations.
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����� ������� ������	���� (1)

TheRL methodsweusein thispaperbelongto thetemporal-
differencetypeof methodsthatsupposetheexistenceof a
reward � ��� � associatedto the transitionfrom � � to � ��� �
while takingaction 	 � ([13]).

We definethediscountedreturn � � �� !��	 � � whichdepends
on theinitial data �  andon thecontrol 	��#"%$ ( &(')��*+ ) where $ representsa finite setof possiblevaluesfor	�� :

� � �� ,�-	 � � � �/.0132  �4 1 � 1 � � (2)

where 4 is a parameter, &5' 4 *6� , calledthe discount
rate.

Theaim of reinforcementlearningmethodsin theframe-
work of infinite-timehorizonwith discountedrewardis to
find theoptimalcontrol 	87� "9$ ( &:'��;* + ) thatmaxi-
mizesthediscountedreturn.

Value function

Wedefinethevaluefunction < � �=� , themaximumvalueof
expression(2) asa functionof theinitial stateat � � & :

< � �>� �@?BADCEGFH-I F�J,K � � �L��	 � � (3)

Usingthedynamicprogrammingprinciple(introducedin
[2]), wecanprovethatthevaluefunctionsatisfiesthecon-
dition :

< � �=� �M?BADCE!N,O;P � � �/�-	Q�/
 4 < �R��� �/�-	Q�-�TS (4)

where � � �L��	=� and ��� �L��	=� arerespectively therewardob-
served and the next statereachedwhen taking action 	
while beingin state� .

Dynamicprogrammingcomputesthevaluefunctionin or-
der to find the optimal control with a feed-backcontrol
policy. Indeed,from thevaluefunctionwededucethefol-
lowing optimalfeed-backcontrolpolicy :

	 7 � �=�U" A�V�WX?YADCE!N,O;P � � �/�-	Q�/
 4 < �R��� �/�-	Q�-�TS (5)

Z
function

We definethe
Z

function, functionof � and 	 as:

Z � �L�-	Q� � � � �L��	=�[
 4 < �\��� �L��	=���3� (6)

Then < � �>� canbeexpressedasa functionof
Z � �L��	=� :

< � �=� �]?YADCE!N,O P Z � �L�-	Q�TS (7)

Equation(5) canberewritten :

	 7 � �=�U" ADV^W_?BA`CE!N,O;P Z � �L��	=�aS (8)

Equation(8) providesa straightforwardway to determine
theoptimalcontrollaw from theknowledgeof the

Z
func-

tion.

Objectiveof reinforcementlearning algorithms

Reinforcementlearningalgorithmsestimatethe
Z

func-
tion by interactingwith thesystem.Fromtheknowledge
of the

Z
function, they candecideby usingequation(8)

whichvalueof thecommandto associateto astatein order
to maximizethediscountedreturn(definedby eqn.(2)).

Unfortunately, RL in acontinuousstate-spaceimpliesthat
the

Z
function hasto be approximated([13]). We have

useda discretizationtechniqueto approximateit because
it is easyto implement,numericallystableandallows the
useof modellearningalgorithms.

Discretization technique

A discretizationtechniqueconsistsin dividing the state
spaceinto a finite numberof regionsand thenconsider-
ing thaton eachregion the

Z
functiondependsonly on 	 .

Then,in theRL algorithms,thenotionof stateusedis not
therealstateof thesystem( � ) but rathertheregionof the
statespaceto which � belongs. We will usethe letter b
ratherthan � to denotethestateof thesystemin orderto
stressthat we refer now not to � itself but to a region of
thestatespace.Moreover, thefinite setcontainingall the
discretizedstatesof thesystemis denotedby c . Figure1a
illustratesthis.

Thediscretizationof thestatespaceintroducessomestochas-
tic aspects.While beingin oneregion of the statespace
andtakinganaction,theregionof thestatespacereached
at thenext samplinginstantis undeterminedasillustrated
on figure1b.

Thestochasticaspectsintroducedby thediscretisationlead
to supposethat

Z � b���	=� doesnot obey anymoreto thede-
terministicequation(6) but ratherto

Z � b!�-	Q� � � � b���	=�[
 4
0 dae;f � bhgTi b!�-	Q� ?BADCE!N,O Z � bhgj��	=� (9)

wheref � b g i b!�-	Q� representstheprobability to reachat the
next samplinginstantthestateb g whenbeingin thestateb
while takingaction 	 .

Rewards � � b!��	=� andprobabilitiesf � b g i b!�-	Q� describethe
modelof the discretizedsystem. They associateto each
discretizedstateandto eachvalueof thecommand	 tran-
sition probabilitiesto other statesand the valueof a re-
ward. Assumingthat they describea Markov Decision
Process(MDP),

Z � b!�-	Q� canbe easilyestimatedusinga
classicalDynamicProgramming(DP)techniquelikevalue
iteration or policy iteration ([2]). The optimal control to
associateto a stateis thenthe onethat maximizes

Z
for

this state.
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Figure1: Discretizationof thestatespace

RL methodseitherestimatethetransitionprobabilitiesand
theassociatedrewards(modellearningmethods)andthen
computethe

Z
function,or computedirectly the

Z
func-

tionwithoutlearningany model(non-modellearningmeth-
ods).

Non-modellearning method

Thecontrollerobservesin whichstateb thesystemis, de-
cidesavaluefor thecommand	 andobserveswhichstateb g is reachedat the next samplinginstant. Moreover, it
hastheknowledgeof thereward � associatedto the tran-
sition blkmb g . A non-modellearningalgorithmknown asZ

-learningn . ([14]) is providedin Table1.

Table 1: Non-modellearningalgorithm(Q-learning)

Initialise o arbitrarily for all p and q
Observe p
Repeatindefinitely

Chooseaction qsrut from p usingtheknowledgeof o
(e.g. v -greedymethod)

Take action q andobserve p�w and xozyjpG{Rq}|8~�ozyjph{aq}|��
�[� x_����������D��� ozyjp w {�q}|=��ozyjpG{Tq}|\�p�~�p w
The � -greedymethodusedto choosethe action 	 sug-�

The � -learningdenominationfor this algorithmis widely usedin
the RL literatureeven if the algorithmlearnsjust an approximationof
the � -function. The correctterm shouldbe � -functionapproximation
learning

geststhat thereis a probability � that theactionchosenis
not necessarilytheonewhich maximizes

Z
, but anaction

taken at random.This providesthe algorithmwith some
exploratorybehaviour suchthaton averageeach �`�`� time
a randomactionis taken([8]).

The parameter� representsthe amountof the error cor-
rected. It shouldbe large enoughto allow a fastconver-
genceof the algorithmandsufficiently small to avoid an
instability of the algorithm. It canbe shown that the

Z
-

learningalgorithmconvergesto the exact solution in the
framework of an MDP if an � -greedypolicy is usedand
if � satisfiesthe stochasticapproximation([13]). For a
non linear system,convergenceto the exact solutioncan
only bestatedif thesizeof thediscretizedstatestendsto
zero. But thenthe learningtime of thealgorithmswould
beinfinite.

The algorithm implementedto control the FACTS is a
moreelaboratedversionof the

Z
-learningalgorithmknown

as
Z

-learning(� ) aimedto speeduptheconvergenceof the
method([12]).

Model learning method

Table 2: Model learningalgorithm

Initialize ozyjph{Tq}|8�u���}pUrB� and ��qYr�t
Initialize parametersof themodel:� yjp wR� ph{�q}|8�u� ��ph{-p w r(� and qBr(t¡ yjp w � ph{�q}|8�u� �}pG{�p w r(� and qBr(tx!yjph{Tq�|/�u� �}p#rY� and qYr�t
Observe p
Repeatindefinitely

Chooseaction qsr%t from p usingtheknowledgeof o
(e.g. v -greedymethod)

Take action q andobserve p w and x
Updatethemodel:� y£¢ � ph{aq}|L~¥¤ � y£¢ � ph{�q}|¦�§¢LrY�x�yjpG{Rq}|8~©¨�ª¬«�­ �¯®^°²±a³¯´/µ ª ¶�· «�­ �¯®¹¸ ¨° ±a³¯´ µ ª ¶º· «�­ �h®¹¸ �� yjp w\� ph{aq�|/~ � yjp wR� ph{aq}|��%»¡ y£¢ � ph{Tq}|L~ µ ª¬¼�· «�­ �h®°²±a³¯´ µ ª ¶�· «�­ �¯® ��¢LrB�
Computeo by solvingequations(9)p�~�p w

A genericalgorithmfor model learningmethodis given
in Table2½ . . The ¾ function usedin this algorithmdo
not interveneto describethe modelassuchbut is neces-
saryfor its updating. The term ¿ ( &À'Á¿Â'Ã� ) provides
thealgorithmwith someadaptivebehaviour (necessaryfor
a non-autonomoussystem)by giving moreimportanceif¿u*Ä� to thelastdataacquiredfrom thesystem.

The versionof the modellearningmethodalgorithmim-
plementedto control the FACTS is known asPrioritizedÅ

Thealgorithmlearnsanapproximationof themodelof thesystem,
that is an approximationof the Æ and Ç functions. A morecorrectde-
nominationfor it would bemodel-approximationlearning-algorithm
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Sweeping([9]). This particulartypeof algorithmreduces
thetimeneededto estimatethe

Z
functionfrom themodel

by refreshingits valuefor only a fractionof thestates.

Notion of state

Although in this sectionthe notion of state b usedin the
RL algorithmshasbeencloselylinkedto thestatevector �
of thesystem( b representsthediscretizedpartof thestate
spacein which � is situated),thealgorithmsdescribedin
Table1 and2 areoftenusedin apartiallyobservableenvi-
ronment( � partially unknown). The lossof information
on the stateof the systemand the useof discretization
techniquesto handlecontinuousvariablesaretwo major
sourcesof approximationspresentin RL techniquesand
imply thatnothingcanbestatedabouttheconvergenceof
thealgorithmsor thequalityof theclosed-loopcontrollaw
finally observed.

3 Power systemdescription
Thecontrolprocedureis illustratedonafour-machinepower
systemmodelledwith morethan ÈD& statevariables.The
systemcharacteristicsare inspiredfrom [7]. It is repre-
sentedin figure 2. The type of FACTS usedis a Thyris-
tor ControlledSeriesCapacitor(TCSC),particularlywell
suitedto damppowersystemoscillationsdueto its ability
to changerapidly thepowertransferredin a line ([6]). It is
installedon a ÉDÊ!&XË�< line connectingbus ÌÎÍ to bus ÌÐÏ .
Basically, theTCSCconsistsof avariablereactance(more

2
C7

G2 G4

6 7 9 10 11 3 G3

L7 L9 C9
4

TCSC
G1 1 5

Figure2: A four machinespowersystem

oftena capacitance)placedin serieswith a line. Thecon-
trol variable 	 representsthe reactancereferenceof the
TCSC.TheTCSCreactancecanbedifferentfrom theref-
erencedueto the delaynecessaryto adaptthe reactance
valueto a new reference.

In our examplethe value of 	 is limited to the intervalPÒÑ�Ó ��ÔÕÈ!ÍDÈ Ó �^&`S �RÖ � which correspondsto a compensation
of ×!&�Ø of the line whenthe FACTSactsat full rangeof
its capacity.

If theTCSCactsjustlikeafixedcapacitor, electricalpower
oscillationsoccur. Figure3arepresentstheevolutionover
aperiodof �h&Xb of theelectricalpowertransmittedthrough
the TCSCwhile figure 3b representsthe valueof 	 over
the sameperiod of time. The magnitudeof the electri-
cal power oscillationsis approximatelyÊ!&�ÙÛÚ and the
averagepowertransmittedis �GÈD&XÙÛÚ . Theaimof there-
inforcementlearningalgorithmsis to generatetheappro-
priatevariationof 	 to damppowersystemoscillationsin
theline. Next sectiondiscussesthestrategiesusedto adapt
algorithmsdescribedin section2 to thispowersystemos-
cillationsproblem.
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Figure3: TCSCactinglike afixedcapacitor

4 Reinforcementlearning applied to control
Application of the reinforcementlearningalgorithmsto
controltheFACTShastwo maindifficulties.Thefirst one
is linkedto thechoiceof anappropriatereward � suchthat
thecontrolalgorithmsthat tendto maximizethevalueof
theexpressionÞ �L.� 2  4 � � ��� � (seeeqn. (2)) alsodampthe
electricalpower oscillations. The seconddifficulty con-
cernsthe necessityfor the reinforcementlearningalgo-
rithms to observe the entirestatevector � of the system.
Acquisitionof suchanamountof informationis not real-
istic. Theonly informationavailableto ourcontrollerwill
be the measurementat fixed rateof the electricalpower
transmittedin the line. Thena strategy commonlyused
in partially observableenvironments([4]) will beusedto
compensatethe lossof information. We will alsodiscuss
in this sectionhow to discretisethecommandandhow to
definea quality of the control,an imageof how well the
algorithmshave learnedto controltheFACTS.

Statedefinition

The controllerwill act in a partially observableenviron-
ment,theonly measurementsrealizedonthesystembeing
the electricalpower Ü[ß transmittedin the line. The state
at time � (denotedby b � ) is representedby the history of
the measurementsrealizedon the power systemand the
actionstakenby thecontroller.
Then b¯� � *@àºà¯àQ��Ü ß Fjá�â ��	��Tã � ��Ü ß Fjá,ä ��	��Tã � ��Ü ß Fså . The
largerthelengthof thehistorythemoreprecisetheinfor-
mationaboutthe systemdynamicsavailablefor the con-
troller will be. Unfortunately, increasinghistory length
alsoincreasesthe time neededby the algorithmsto con-
verge. In the treatedexample,we decidedto take b¯� as
the threelastobservationsof theelectricalpower andthe
two last actionstaken. State b � is thencomposedof the
5-uple *ÛÜ�ß F�á�â �-	 �Tã � ��Ü�ß Fjá,ä �-	 �Tã � ��Ü�ß F�å . Moreover, the
valueof the electricalpower will have to be discretized.
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Thediscretizationstepwill be ÈæÙÛÚ .

Sampling period and valueof 4Theperiodbetweentwo samplingsof theelectricalpower
is chosenequalto ÈD&æç:b which meansthat the valueof	 could changeevery È�&_ç:b . Moreover the value of 4is chosenequalto &}Ô Ï�è . If 4 is too small, the reinforce-
ment learningalgorithm takesshort-termbenefitcontrol
actions. If 4 is too large the algorithmconvergesslowly
([13]). Simulationscarriedout have shown that 4 � &}Ô Ï�èrepresentsa reasonabletradeoff.

Reward definition

Therewardmustexpresshow thecontrolleris expectedto
act. In theconsideredexample,theaimof thecontrolleris
to limit themagnitudeof theelectricalpower oscillations
in the line. Onestrategy is to considerthat thevariations
of theelectricalpower aroundits averageshouldbemin-
imised. This canbe achieved by choosingthe reward � �
equalto Ñ i Ü ß F Ñ Ü ß i . Indeed,thealgorithmswill tendto
maximizethesum Þ �L.� 2  Ñ 4 � i Ü ß F Ñ Ü ß i andthento pro-
ducesomedampingof Ü ß .
Command

As mentionedin section2, thenumberof possiblevalues
for thecommand	 mustbediscrete.Without this restric-
tion thevalueof 	 couldbeany in theinterval P &}� Ñ�Ó ��ÔÕÈ!Í�È Ó S .
Themoreaccuratetheintervaldiscretization,thebetterthe
qualityof thecontrolandthelargertheconvergencetime.
Wewill studytwo variantsfor thediscretization.Oneuses
asetof command$ with × elementsandtheotherwith È .
Quality of the control

Thediscountedreturnat time � is definedas

� � � �L.0 é 2 � 4
é
ã>� �
é
� �

andis a measureof how goodthe control actsafter con-
trolling thesystemfor a duration� . Thehigherthereturn,
the betterthe control procedure.To give a quality to the
control procedureat time � we will slightly modify this
valueby takingits averageover thenext minute(denoted
by � � ). This strategy hasbeenusedin orderto avoid dif-
ficultiesto visualizetheresultsdueto thehighvarianceof� � . With sucha scoremeasure,oscillationsrepresented
at 3a arecreditedof a valueof � equalto Ñ È�è�& . Then
accordingto the equality �ê
 4 
 4 �ê
 àºà¯à � �� ã>ë ,
we cancomputethe averageof the deviation observed :ÈDè�& � � Ñ 4 � � ����Ô Ó ÙÛÚ .

Summary of the section

We summarizehereaftersomeimportantfeaturesusedto
applyRL algorithmsto theFACTScontrolproblem:

ì Time betweentwo successive measurementsof Ü ß
equalsÈD&_ç�b .ì Timebetweenindex � and �L
]� equalsÈD&_ç�b .ì Thestateat time � is a 5-upledenotedby b¯� withb¯� � *íÜ ß F�á�â �-	>�Tã � �^Ü ß F�á,ä �-	>�Tã � ��Ü ß FUå .

ì Thereward � � � Ñ i Ü�ß F Ñ Ü�ßDi where Ü[ß represents
theaverageof theelectricalpowertransmittedin the
line.ì Theset $ will beeithercomposedby × of by È ele-
ments.If ÌÎ$ � È then$ �Âî &}Ôï� Ñ �GÈ�Ô ×�Ï�� Ñ ×�&�ÔÕÍDè}� Ñ Ê Ó Ôï�¯è�� Ñ�Ó ��ÔÕÈ�Í§ð .
If ÌÎ$ � × then$ �Âî &}Ôï� Ñ ×!&}Ô¬Í`è�� Ñ�Ó �!Ô È,Í,ð .ì Theaveragescore� � attime � isequalto ñ ä\äjòRòRó!Fôöõ F ÷ ô���  � .ì 4 � &}Ô Ï�è , � � &}Ô &�&�� , � � &}Ôï� and ¿ � � .

5 Simulation resultsfor an autonomoussystem
In thissection,wewill presentsimulationresultsobtained
for model learningandnon-modellearningmethodsand
for different sizesof the set $ . Theseresultsrefer to
anautonomousanddeterministicpower system.First we
show resultsobtainedfor a model-learningmethodwith
five possiblevaluesfor thecommand	 ( ÌÎ$ � È ). Then
we illustrate the influenceof the methodused(model-
learningvsnon-modellearning)andthesizeof $ ( ÌY$ �È vs ÌY$ � × ) on the speedof convergenceandon the
quality of thecontrol.

Model-learning methodwith ÌY$ � È
Thefiguresusedto illustratetheresultsareto becompared
with figures3a and3b correspondingto a TCSC acting
like afixedcapacitor.
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Figure4: After �¯& minutesof control

After �h&_ç�øTù of control(thereinforcementlearningalgo-
rithm hasimposedeach ÈD&_ç�b thevalueof 	 for already�¯&_çúøTù ), wehavedrawn respectively onfigures4aand4b
theevolutionof theelectricalpowertransmittedin theline
( Ü ß ) andtheactiontaken(i.e. thevalueof 	 ) overaperiod
of �h&Xb . Themagnitudeof the Ü ß oscillationsis still very
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largeandtheevolution of theaction 	 seemsto bedriven
by analmostrandomprocess.Thecontrolalgorithmdoes
nothaveyetasufficientknowledgeaboutthesystemto act
efficiently.

After �/û of control (seefigures5a and 5b), the electri-
calpower transferredin theline startsbeingwell damped.
An organizedstructureappearsin thesequenceof actions
taken.After �h&Xû of control(seefigures6aand6b),there-
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Figure5: After � hourof control

sultsaremoreimpressive. Themagnitudeof theelectrical
power oscillationshasstronglydecreased.The variation
of the control variable 	 hasa periodicbehaviour of ap-
proximatelythesamefrequency ( &}Ô èæü
ý ) astheelectrical
power oscillationsobservedwhenno controloccurs.The
harshaspectof theelectricalpower observedcomesfrom
the discontinuousvariation of the commandvariable 	 .
Suchbehaviour couldbe circumventedby increasingthe
timedelayof theFACTS(imageof thetimeneededby the
TCSCto meetthe reactancereference	 ) or by imposing
a continuousvariationof 	 by meansof anintegrator.

Sizeof $ , modeland non-modellearning methods

Figure7 representstheevolutionof thequalityof thecon-
trol � � as a function of � for model-learningand non-
modellearningmethods,both for × and È possiblevalues
for 	 ( ÌY$ � × or ÌY$ � È ).
Thebestvalueof � obtainedafter �¯&Xû of control (which
occursfor themodel-learningmethodwith È possibleval-
uesfor 	 ) equalsÑ Ï!& . This valuehasto becomparedtoÑ ÈDè�& at � � & . The deviation from the averagefor the
electricalpower correspondsto a changefrom �!��Ô Ó ÙÛÚ
to ��Ô èXÙÛÚ (seesection3).

For thesamevalueof ÌY$ , thefigureshows thatthequal-
ity of thecontrol �þ� is slightly betterfor themodellearn-
ing methodthanthenon-modellearningone,whateverthe
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Figure6: After �¯& hoursof control
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Figure7: Qualityof thecontrol �ê�
valueof � . For thesamemethod,figure7 alsoshows that
an increasein ÌY$ improvesthe quality of the control fi-
nally obtainedbut penalisesthe speedof convergenceof
thealgorithms.

Even if the model learningmethodis preferredthe non-
modellearningone(for acomparisonbetweenmodellearn-
ing andnon-modellearningmethods,see[1]), thechoice
of the sizeof $ is moredifficult dueto the tradeoff be-
tweenthequality of thecontrolobtainedandthespeedof
convergenceof the algorithms. The beststrategy would
probablybe to start the control with a small setof com-
mandsandthento increaseit.

6 Non-autonomousand stochasticsystem
In theprevioussection,theRL algorithmshavebeenused
with an autonomousanddeterministicsystem. Unfortu-
nately, thesetwo propertiesarenot metin realpowersys-
tems. Evenundernormaloperatingconditions(no short-
circuits,no lossof a transmissionelement,à¯àºà ) stochastic
aspectslinked to the load variation are common. Non-
autonomousaspectsareon the otherhandmainly linked
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to theloadvariationsandchangesin generationpatterns.

Thesamesystemastheonedescribedin section3 is used
hereto illustratehow RL algorithmsbehavein astochastic
andnon-autonomousenvironment. For this, white noise
hasbeenintroducedateachloadandloadvariationis sup-
posedto becyclic with a 5hperiodÿ .
Figure 8 representsthe evolution of � over a period of�hÈæû ( �

é
relative to eachpieceof curveindicatesthetime �

thatcorrespondsto thebeginningof thecurve).Duringthe
first ÈXû theTCSCis actingjust likeafixedcapacitor. The
variationof � during thesefirst five hoursis only linked
to thecontinuouslychangingoperatingconditions.AfterÈæû , the RL control procedure(model learningalgorithm
with ÌÎ$ � È , � � &}Ô &�&�� and ¿ � &}Ô Ï!È (seeTable2 ))
startsacting.

An importantfeaturethatcanbedrawn from this figureis
that even after � cycle of control, the RL algorithmcon-
tinuesto improve its ability to dampelectricalpower os-
cillations efficiently. The more the sameoperatingcon-
ditions areencountered,the betterthe dampingobtained
for theseoperatingconditionstendsto be. The RL algo-
rithm behaveswell for this non-autonomoussystemdue
to its capabilityto adaptitself fastto a new environment.
Nevertheless,with a too fast changingenvironment,RL
algorithmperformancesstronglydecrease.

The stochasticaspectintroducedby the loadshasonly a
secondorder influenceon the control quality due to the
factthatRL algorithmsarefrom thebeginningshapedfor
control in stochasticenvironments(seeeqn. (9)) andare
thuswell adaptedto stochasticperturbations.
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Figure 8: Quality of the control for a non-autonomous
system

7 Conclusionsand futur eprospects
Thereinforcementlearningalgorithmsusedherewereable
to act correctly in order to damppower systemoscilla-
tions. Model learningandnon-modellearningalgorithms
have beenusedwith betterresultsfor themodellearning
ones.Thenon-autonomousenvironmentin whichthecon-
troller hadto actdid not foil themethoddueto its ability
to adaptitself fastto changingoperatingconditions.Com-
paredto classicalcontrol laws designedoff-line, thecon-

�
Equation � ������� � ��	
���
	�� � � ��	
�������������

����a������� ���! #"��$���
models

theload,where � standsfor active or reactive partsof theload,and
"������

is thewhitenoisefactor.

troller getsrid of any modellingof thepower systemand
adaptsitself to achangingenvironment.Improvementsof
the control algorithmscould still be doneby usingmore
elaboratedRL techniques(like the use of local regres-
sion techniques,variableresolutiondiscretization,more
sophisticatedmethodsto decidewhich actionto choose,
methodsto defineautomaticallyb from thehistoryof the
observationsandactions, à¯àºà ) but areout of thescopeof
this paper.
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