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Abstract- Reinforcemenlearningconsistof acollectionof meth-
odsfor approximatingsolutionsto deterministicand stochastic
optimal control problemsof unknavn dynamics. Thesemeth-
odslearnby experiencehow to adjusta closed-loopcontrolrule
which is a mappingfrom the systemstatesto control actions.
This paperproposesan applicationof reinforcementiearning
methodgo the controlof a FACTS device aimedto damppower
systenoscillations.A detailedcasestudyis carriedoutonasyn-
theticfour-machinepower system.
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1 Intr oduction
Reinforcementearning (RL) takesits origin in optimal
controltheoryanddynamicprogramming([2]). It aimsat
approximatingoy experiencesolutionsto problemsof un-
known dynamics.Yearafteryear, the techniquesvolved
leadingto a panelof moreandmoreefficient algorithms.
Fromatheoreticapointof view, mary breakthroughkave
beenrealizednotably concerningthe corvergenceof the
algorithmsandtheirapplicationgo nonlinearsystemg[13],
[10]). Also the steadyincreasein computercapacities
makes RL methodsmore and more feasible. Therefore,
the power systemcommunitystartedgettinginterestedn
suchtechniques but surprisingly more in market mod-
elling ([5]) ratherthanin nonlinearsystemcontrol. How-
evernewn needsappearedecentlyin power systendynam-
icscontrol,especiallywith theintroductionof new devices
basedn power electronics|ik e Flexible AlternatingCur-
rentTransmissiorBystemgFACTS).

In this paperwe focuson how to controlby meansof RL
algorithmsa FACTS device in orderto damppower sys-
tem oscillations,a phenomenomecomingeven moreim-
portantwith the growth of extensive power systemsand
especiallywith the interconnectiorof thesesystemswith
tiesof limited capacity

Basically the RL approactproposedn this paperto con-
trol theFACTSconsistof anadaptve closed-loopcontrol
thattendsto maximizea function,imageof the quality of
theoscillationsdamping.Theonly signalusedby thecon-

troller is the electricalpower transferredn the line mea-
suredat fixed internvals. This is roughly a discretetime
optimal controlapproactin which the statedynamicsand
the obsenationequationsareunknown.

The main advantage®f sucha controllerarethatit frees
oneselffrom any knowledgeof the power systemdynam-
ics equationsadaptsitself to changingconditionsandis
ableto actin a stochastienvironment.

This paperis organisedas follows. Section2 sketches
themainfeatureof reinforcementearningalgorithmsap-
pliedto discretdime optimalcontrol. Thetwo mainclasses
of algorithms,modellearningandnon-modelearningal-
gorithms are briefly explained. Section3 describeshe
power systermusedto illustratethe RL basedcontrolalgo-
rithms andthe characteristicof the FACTS device used.
Section4 explainsthe difficultiesto overcomen orderto
applysuccessfullyherathergeneraklgorithmsdescribed
in section2 to the FACTS device control problem. It in-
cludesnotablythe designof a function imageof the os-
cillationsdampingquality anda strateyy to copewith the
only availability of local measurementsSection5 dis-
cussegheresultsobtainedwhenactingin a constantoad
ervironmentfor differentvariantsof RL algorithms.Sec-
tion 6 studiegherobustnes®f theseadaptive controlalgo-
rithmsto large excursionsof theload level of the system.
Finally section?7 draws conclusions.

2 Reinforcementlearning algorithms
Reinforcementearningwill bepresentedherein theframe-
work of discretetime ! optimal control ([11]) of a deter
ministic non-linearsystemwith constansamplingperiod
andno terminalstate?.

If z; representshe sampledstatevectorof the systemat
instantt, u; thecontrolactiontakenatt, thenthestatevec-
tor of thesystematinstantt + 1 (theinstantcorresponding
to the next sampling)is givenby :

1we restrict our attentionto discretetime to keep things as sim-
ple aspossible,even thoughmary of the ideascan be extendedto the
continuous-timease(e.g.see[3] or [10]).

2Introductionof stochastiaspectsaswell asterminalstatesare al-
moststraightforvard but burdensthe notations.
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TheRL methodsve usein thispapebelongto thetempoal-
differencetype of methodshatsupposehe existenceof a
reward r;1, associatedo the transitionfrom z; t0 z;y1
while takingactionu, ([13]).

We definethediscountedeturn R(zq, u;) which depends
ontheinitial dataxzy andonthecontrolu; € U (0 <t <
o) whereU represents finite setof possiblevaluesfor
U -

+oo
R(zo,us) = ZW%H 2)
k=0

where~ is a parameter0 < v < 1, calledthe discount
rate

The aim of reinforcementearningmethodsn the frame-
work of infinite-time horizonwith discountedewardis to
find the optimal controlu; € U (0 < t < o0) thatmaxi-
mizesthediscountedeturn

Value function

We definethevaluefunctionV (), the maximumvalueof
expression(2) asafunctionof theinitial stateatt = 0:

V(z) = max R(z,u) 3
0< oo

Usingthe dynamicprogrammingprinciple (introducedin
[2]), we canprovethatthevaluefunctionsatisfieghecon-
dition :

V(@) = maxlr(z,u) + 1V (£(z,w) @)

wherer(z, ) and f(z, u) arerespectiely the reward ob-
sened and the next statereachedwhen taking actionu
while beingin statex.

Dynamicprogrammingomputeghevaluefunctionin or-
der to find the optimal control with a feed-backcontrol
policy. Indeed from thevaluefunctionwe deducehefol-
lowing optimalfeed-backcontrolpolicy :

u*(z) € argmaxr(z,u) + 7V (f(z, v))] (5)

@ function
We definethe @ function functionof z andu as:

Qz,u) = r(z,u) +yV(f(z,u)), (6)
ThenV (z) canbeexpressedisafunctionof Q(z,u) :

V(@) = max[Q(r, v)] ™)

Equation(5) canberewritten:

u*(z) € argmax[Q(z, u)] (8)

Equation(8) providesa straightforvardway to determine
theoptimalcontrollaw from theknowledgeof the @ func-
tion.

Objective of reinforcementlearning algorithms

Reinforcementearningalgorithmsestimatethe @) func-
tion by interactingwith the system.Fromthe knowledge
of the @) function, they candecideby usingequation(8)
whichvalueof thecommando associat¢o astatein order
to maximizethe discountedeturn (definedby eqn.(2)).

Unfortunately RL in a continuousstate-spacempliesthat
the @ function hasto be approximated[13]). We have
useda discretizationtechniqueto approximatet because
it is easyto implement,numericallystableandallows the
useof modellearningalgorithms.

Discretization technique

A discretizationtechniqueconsistsin dividing the state
spaceinto a finite numberof regionsandthen consider
ing thaton eachregionthe @ functiondepend®nly on .

Then,in the RL algorithms the notionof stateusedis not
thereal stateof the system(z) but rathertheregion of the
statespaceto which z belongs. We will usethe letter s

ratherthanz to denotethe stateof the systemin orderto

stressthat we refer now not to z itself but to a region of

the statespace.Moreover, the finite setcontainingall the
discretizedstatef the systemis denotedy S. Figurela
illustratesthis.

Thediscretizatiorof thestatespacdantroducesomestochas-
tic aspects.While beingin oneregion of the statespace
andtakinganaction,theregion of the statespacereached
atthe next samplinginstantis undetermineasillustrated
onfigure 1b.

Thestochasti@aspectintroducedoy thediscretisatiorlead
to supposehat @ (s, u) doesnot obey arymoreto thede-
terministicequation(6) but ratherto

Qs,w) = r(s,u) +9 3 p(s'ls, umaxQ(s',w)  (9)

s!

wherep(s'|s,u) representshe probability to reachat the
next samplinginstantthestates’ whenbeingin the states
while takingactionu.

Rewardsr(s,u) and probabilitiesp(s’|s,u) describethe
model of the discretizedsystem. They associatdo each
discretizedcstateandto eachvalueof thecommandy tran-
sition probabilitiesto other statesand the value of a re-
ward. Assumingthat they describea Markov Decision
ProcesgMDP), Q(s,u) canbe easily estimatedusing a
classicaDynamicProgrammingDP)techniqudik evalue
iteration or policy iteration ([2]). The optimal controlto
associateo a stateis thenthe onethat maximizesq for
this state.
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Figure 1: Discretizationof the statespace

RL method=itherestimatehetransitionprobabilitiesand
theassociatedewards(modellearningmethodsandthen
computethe @) function, or computedirectly the () func-
tion withoutlearningary model(non-modelearningmeth-
ods).

Non-modellearning method

Thecontrollerobsenesin which states the systemis, de-
cidesavaluefor thecommand, andobseneswhich state
s' is reachedat the next samplinginstant. Moreover, it

hasthe knowledgeof therewardr associatedo the tran-
sitions — s’ . A non-modelearningalgorithmknown as
Q-learning®. ([14]) is providedin Tablel.

Table 1: Non-modellearningalgorithm(Q-learning)

Initialise @ arbitrarily for all s andu
Obsere s
Repeaindefinitely

Chooseactionu € U from s usingthe knowvledgeof @
(e.g.e-greedymethod)

Take actionu andobsere s’ andr
Q(s,w) « Q(s,w) + alr + ymaxQ(s',u) — Q(s, u)]

s+ s

The e-greedymethodusedto choosethe action v sug-

3The Q-learningdenominatiorfor this algorithmis widely usedin
the RL literatureevenif the algorithmlearnsjust an approximationof
the Q-function. The correctterm shouldbe Q-function approximation
learning

geststhatthereis a probability e thatthe actionchosenis

not necessarilyhe onewhich maximizes(), but anaction
taken at random. This providesthe algorithmwith some
exploratorybehaiour suchthaton averageeachl /e time

arandomactionis taken([8]).

The parameter representshe amountof the error cor-
rected. It shouldbe large enoughto allow a fastcorver
genceof the algorithmand sufficiently smallto avoid an
instability of the algorithm. It canbe shavn thatthe Q-
learningalgorithm corvergesto the exact solutionin the
frameawvork of an MDP if an e-greedypolicy is usedand
if o satisfiesthe stochasticapproximation([13]). For a
non linear system,convergenceto the exact solutioncan
only be statedif the sizeof the discretizedstategendsto
zero. But thenthe learningtime of the algorithmswould
beinfinite.

The algorithm implementedto control the FACTS is a
moreelaboratedrersionof the@-learningalgorithmknown
as@-learning@\) aimedto speedipthecorvergenceof the
method([12]).

Model learning method

Table 2: Modellearningalgorithm

Initialize Q(s,u) =0 Vs € SandVu e U
Initialize parametersf themodel:

N(s'|s,u) =0 Vs,s' € Sandu e U
p(s'|s,u) =0 Vs,s' € Sandu € U
r(s,u) =0 Vse SandueU

Obsere s
Repeaindefinitely

Chooseactionu € U from s usingthe knowvledgeof @
(e.g.e-greedymethod)

Take actionu andobsere s’ andr
Updatethemodel:
N(i|s,u) < BN(i|s,u) Vi€ S

r(su) Xjes N(ls,u)+r
Yjes N(jls,u)+1

N(s'|s,u) + N(s'|s,u) + 1

. N(i|s,u) .
p(ils,u) < Tres NGlam) VieS

r(s,u) <

Compute by solvingequationg9)

s+ s

A genericalgorithm for modellearningmethodis given
in Table2*. . The N function usedin this algorithmdo

not interveneto describethe modelassuchbut is neces-
saryfor its updating. Theterm 3 (0 < g < 1) provides
thealgorithmwith someadaptiebehaiour (necessarfor

a non-autonomousystem)by giving moreimportanceif

B < 1 to thelastdataacquiredfrom the system.

The versionof the modellearningmethodalgorithmim-
plementedo control the FACTS is known as Prioritized

4The algorithmlearnsan approximationof the modelof the system,
thatis an approximationof the p andr functions. A more correctde-
nominationfor it would be model-appoximationlearning-algorithm



Sweeping[9]). This particulartype of algorithmreduces
thetime neededo estimatethe ) functionfrom themodel
by refreshingts valuefor only afractionof the states.

Notion of state

Althoughin this sectionthe notion of states usedin the
RL algorithmshasbeencloselylinkedto thestatevectorz
of thesystem(s representshediscretizedartof the state
spacen which z is situated) the algorithmsdescribedn
Tablel and2 areoftenusedin a partially obsenableervi-
ronment(z partially unknovn). The loss of information
on the stateof the systemand the use of discretization
techniquego handlecontinuousvariablesare two major
sourcesof approximationgpresentin RL techniqguesand
imply thatnothingcanbe statedaboutthe convergenceof
thealgorithmsor thequality of theclosed-loogcontrollaw
finally obsened.

3 Power systemdescription
Thecontrolprocedurés illustratedonafour-machingpower
systemmodelledwith morethan 50 statevariables. The
systemcharacteristicare inspiredfrom [7]. It is repre-
sentedin figure 2. Thetype of FACTS usedis a Thyris-
tor ControlledSeriesCapacito{TCSC),particularlywell
suitedto damppower systemoscillationsdueto its ability
to changerapidly the powertransferredn aline ([6]). It is
installedon a 240 £V line connectingous #7 to bus #9.
Basically the TCSCconsistof avariablereactancémore
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Figure 2: A four machinegpower system

oftenacapacitanceplacedin serieswith aline. Thecon-
trol variableu representshe reactancerefeenceof the
TCSC.The TCSCreactanceanbedifferentfrom theref-
erencedueto the delay necessaryo adaptthe reactance
valueto a new reference.

In our examplethe value of « is limited to the interval
[-61.5756, 0] (£2) which corresponddo a compensation
of 30 % of the line whenthe FACTS actsat full rangeof
its capacity

If theTCSCactsjustlikeafixedcapacitorelectricalpower
oscillationsoccur Figure3arepresentthe evolution over
aperiodof 10 s of theelectricalpowertransmittedhrough
the TCSCwhile figure 3b representshe value of v over
the sameperiod of time. The magnitudeof the electri-
cal power oscillationsis approximately40 MW andthe
averagepowertransmitteds 150 MW . Theaimof there-
inforcementlearningalgorithmsis to generatehe appro-
priatevariationof u to damppower systemoscillationsin
theline. Next sectiondiscussethestratgiesusedio adapt
algorithmsdescribedn section2 to this power systemos-
cillationsproblem.
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Figure 3: TCSCactinglike afixedcapacitor

4 Reinforcementlearning applied to control
Application of the reinforcementearningalgorithmsto
controlthe FACTShastwo maindifficulties. Thefirst one
is linkedto thechoiceof anappropriateewardr suchthat
the control algorithmsthat tendto maximizethe value of
the expressionzj:"g ~triy 1 (Seeeqn. (2)) alsodampthe
electricalpower oscillations. The seconddifficulty con-
cernsthe necessityfor the reinforcementiearning algo-
rithms to obsene the entire statevectorz of the system.
Acquisition of suchanamountof informationis not real-
istic. The only informationavailableto our controllerwill
be the measuremenat fixed rate of the electricalpower
transmittedin the line. Thena stratgy commonlyused
in partially obsenableernvironments([4]) will be usedto
compensat¢he lossof information. We will alsodiscuss
in this sectionhow to discretisethe commandandhow to
definea quality of the control, animageof how well the
algorithmshave learnedo controlthe FACTS.

State definition

The controllerwill actin a partially obsenable erviron-

ment,theonly measurement®alizedonthesystembeing
the electricalpower P, transmittedin the line. The state
attime ¢ (denotedby s;) is representedby the history of

the measurementsealizedon the power systemand the
actionstakenby thecontrollet

Thens; =< --- ,Pet_z,ut_Q, Pez_1 , Up—1, PEz >. The
largerthe lengthof the historythe more precisethe infor-

mationaboutthe systemdynamicsavailablefor the con-
troller will be. Unfortunately increasinghistory length
alsoincreaseghe time neededby the algorithmsto con-
verge. In the treatedexample,we decidedto take s; as
thethreelastobsenationsof the electricalpower andthe
two last actionstaken. States; is thencomposedf the
5-uple< P.,_,,ut—a, Pe,_,,us—1, P, >. Moreover, the
value of the electricalpower will have to be discretized.



Thediscretizatiorstepwill be5 M.
Sampling period and value of v

The periodbetweertwo samplingsof theelectricalpower
is chosenequalto 50 ms which meansthat the value of
u could changeevery 50 ms. Moreover the value of ~
is chosenequalto 0.98. If v is too small, the reinforce-
mentlearningalgorithm takes short-termbenefitcontrol
actions. If  is too large the algorithm cornvergesslowly
([23]). Simulationscarriedout have showvn thaty = 0.98
represents reasonabléradeof.

Reward definition

Therewardmustexpresshow thecontrolleris expectedo

act. In theconsidereaxample theaimof the controlleris

to limit the magnitudeof the electricalpower oscillations
in theline. Onestratayy is to considerthatthe variations
of the electricalpower aroundits averageshouldbe min-

imised. This canbe achiezed by choosingthe reward r;

equalto —|P,, — P.|. Indeed thealgorithmswill tendto

maximizethesumY"; % —~¢|P., — P.| andthento pro-
ducesomedampingof P,.

Command

As mentionedn section2, the numberof possiblevalues
for thecommand: mustbediscrete.Without this restric-

tionthevalueof u couldbeary in theinterval [0, —61.5756].

Themoreaccurateheinterval discretizationthebetterthe
quality of the controlandthelargerthe corvergencdime.
Wewill studytwo variantsfor thediscretizationOneuses
asetof commandJ with 3 elementsandthe otherwith 5.

Quality of the control
Thediscountedeturnat timet is definedas

+oo
i—t
R, = E YT i
i=t

andis a measureof how goodthe control actsafter con-
trolling the systemfor adurationt. The higherthereturn,
the betterthe control procedure.To give a quality to the
control procedureat time ¢t we will slightly modify this
valueby takingits averageover the next minute (denoted
by R;). This strat@y hasbeenusedin orderto avoid dif-
ficultiesto visualizetheresultsdueto the high varianceof
R:. With sucha scoremeasurepscillationsrepresented
at 3a are creditedof a valueof R equalto —580. Then
accordingto the equality1 + v + 42 + --- = 1%
we can computethe averageof the deviation obsered:
580(1—v) =11.6 MW.

Summary of the section

We summarizehereaftersomeimportantfeaturesusedto
applyRL algorithmsto the FACTS control problem:

e Time betweentwo successie measurementsf P,
equalss0ms.

¢ Timebetweerindex t andt + 1 equalss0 ms.

e Thestateattimet is a5-upledenotedy s; with
st =< Pet_zjut—zaPet—17ut_17pet >.

e Therewardr; = —|P., — P,| whereP, represents
theaverageof theelectricalpowertransmittedn the
line.

e ThesetU will beeithercomposedy 3 of by 5 ele-
ments.If #U = 5 then
U ={0.,—15.39,-30.78, —46.18, —61.57}.
If #U = 3 then
U ={0.,—30.78,—61.57}.
E}lag-}-t R;

e TheaveragescoreR; attimet is equalto Sh00

e v=0098,¢=0001,a=01ands = 1.

5 Simulation resultsfor an autonomoussystem

In this sectionwe will presensimulationresultsobtained
for modellearningand non-modellearningmethodsand
for differentsizesof the setU. Theseresultsrefer to
anautonomousnddeterministicpower system.First we
shav resultsobtainedfor a model-learningmethodwith
five possiblevaluesfor thecommandu (#U = 5). Then
we illustrate the influence of the method used (model-
learningvs non-modelearning)andthesizeof U (#U =
5 vs #U = 3) on the speedof cornvergenceandon the
quality of the control.

Model-learning method with #U = 5

Thefiguresusedto illustratetheresultsareto becompared
with figures3a and 3b correspondingo a TCSC acting
like afixedcapacitor

R
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Figure4: After 10 minutesof control

After 10 min of control(thereinforcementearningalgo-
rithm hasimposedeach50 ms the valueof « for already
10 min), we have drawn respectiely on figures4aand4b
theevolution of theelectricalpowertransmittedn theline
(P.) andtheactiontaken(i.e. thevalueof «) overaperiod
of 10 s. The magnitudeof the P, oscillationsis still very



large andthe evolution of the actionu seemso bedriven
by analmostrandomprocessThe controlalgorithmdoes
nothave yetasufficientknowledgeaboutthesystemnto act
efficiently.

After 1 h of control (seefigures5a and 5b), the electri-

calpowertransferredn theline startsbeingwell damped.

An organizedstructureappearsn the sequencef actions
taken. After 10 h of control(seefigures6aand6b),there-

Re
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(b) u-t

Figure5: After 1 hourof control

sultsaremoreimpressie. Themagnitudeof theelectrical
power oscillationshasstrongly decreasedThe variation
of the controlvariableu hasa periodicbehaiour of ap-
proximatelythe samefrequeng (0.8 H z) astheelectrical
power oscillationsobsenedwhenno controloccurs. The
harshaspecbf the electricalpower obsened comesfrom
the discontinuousvariation of the commandvariable .
Suchbehaiour could be circumventedby increasingthe
time delayof the FACTS (imageof thetime neededy the
TCSCto meetthe reactanceeferenceu) or by imposing
acontinuousvariationof u by meanf anintegrator

Sizeof U, model and non-modellearning methods

Figure? representshe evolution of the quality of the con-
trol R; as a function of ¢ for model-learningand non-
modellearningmethodshothfor 3 and5 possiblevalues
foru (#U = 3 or #U = 5).

Thebestvalueof R obtainedafter10 h of control (which
occursfor themodel-learningnethodwith 5 possibleval-
uesfor u) equals—90. This valuehasto be comparedo
—580 att = 0. The deviation from the averagefor the
electricalpower correspondso a changefrom 11.6 MW
to 1.8 MW (seesection3).

For thesamevalueof #U, thefigure shavs thatthequal-
ity of the control R; is slightly betterfor the modellearn-
ing methodthanthenon-modelearningone,whateverthe
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Figure6: After 10 hoursof control
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Figure 7: Quality of the control R,

valueof ¢. For the samemethod figure 7 alsoshaws that
anincreasdn #U improvesthe quality of the controlfi-
nally obtainedbut penaliseghe speedof cornvergenceof
thealgorithms.

Evenif the modellearningmethodis preferredthe non-
modellearningone(for acomparisorbetweemmodellearn-
ing andnon-modellearningmethodssee[1]), the choice
of the size of U is more difficult dueto the tradeof be-
tweenthe quality of the controlobtainedandthe speedof
corvergenceof the algorithms. The beststratey would
probablybe to startthe control with a small setof com-
mandsandthento increasat.

6 Non-autonomousand stochasticsystem
In the previoussection the RL algorithmshave beenused
with an autonomousand deterministicsystem. Unfortu-
nately thesetwo propertiesarenot metin real power sys-
tems. Evenundernormaloperatingconditions(no short-
circuits,nolossof atransmissiorelement; - - ) stochastic
aspectdinked to the load variation are common. Non-
autonomousaspectsare on the otherhandmainly linked



to theloadvariationsandchangesn generatiorpatterns.

The samesystemasthe onedescribedn section3 is used
heretoillustratehow RL algorithmsbehaein astochastic
and non-autonomougrvironment. For this, white noise
hasbeenintroducedateachloadandloadvariationis sup-
posedo becyclic with a5h period.

Figure 8 representshe evolution of R over a period of
15 h (¢; relative to eachpieceof curveindicatesthetime¢
thatcorrespondso thebeginningof thecurwe). Duringthe
first 5 h the TCSCis actingjustlike afixedcapacitor The
variationof R during thesefirst five hoursis only linked
to the continuouslychangingoperatingconditions. After
5 h, the RL control procedurg(modellearningalgorithm
with #U = 5, ¢ = 0.001 and = 0.95 (seeTable2))
startsacting.

An importantfeaturethatcanbedravn from this figureis

thateven after 1 cycle of control, the RL algorithmcon-
tinuesto improve its ability to dampelectricalpower os-
cillations efficiently. The more the sameoperatingcon-
ditions are encounteredthe betterthe dampingobtained
for theseoperatingconditionstendsto be. The RL algo-
rithm behaeswell for this non-autonomousystemdue
to its capabilityto adaptitself fastto a new environment.
Neverthelesswith a too fastchangingervironment, RL

algorithmperformancestronglydecrease.

The stochasticaspectintroducedby the loadshasonly a
secondorderinfluenceon the control quality due to the
factthatRL algorithmsarefrom the beginningshapedor
controlin stochastieernvironments(seeeqn. (9)) andare
thuswell adaptedo stochastigerturbations.

R

100. | =10 h

200. |
300. |

-400. |
Pti =5h
500. |

600. |
~—t=0h
700. |

*Hh)-t;

Figure 8: Quality of the control for a non-autonomous
system

7 Conclusionsand futur e prospects
Thereinforcementearningalgorithmsusecherewereable
to act correctly in orderto damp power systemoscilla-
tions. Model learningandnon-modelearningalgorithms
have beenusedwith betterresultsfor the modellearning
ones.Thenon-autonomousrvironmentin whichthecon-
troller hadto actdid notfoil the methoddueto its ability
to adaptitself fastto changingoperatingconditions.Com-
paredto classicalcontrollaws designedff-line, the con-

SEquations(t) = s(0) — 0.3s(0)sin(2m 5 3555t) + £() models

theload,wheres standor actie or reactie partsof theload,and&(¢)
is thewhite noisefactor

troller getsrid of ary modellingof the power systemand
adaptdtself to achangingenvironment.Improvementsof

the control algorithmscould still be doneby usingmore
elaboratedRL techniqueg(like the use of local regres-
sion techniquesyariableresolutiondiscretization,more
sophisticatednethodsto decidewhich actionto choose,
methodsto defineautomaticallys from the history of the

obsenationsandactions,: - -) but areout of the scopeof

this paper
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