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Abstract The assessmentf trendsin meteorologyand/orhydrology still is a matterof debate. Capturing
typical propertiesof time series,like trends,is highly relevant for the discussionof potentialimpacts(e.g.
globalwarmingor ood occurrence)ln orderto enhanceapabilitiesof analyticalstratgjiesrun-off datafrom

river gaugesn southernGermaly are analysedsystematicallyregardingtheir trend behaiour. The trendis

assumedo be a slowly varying deterministiccomponentausece.g. by humanimpactlik e globalwarming.
Its detectionis dif cult sinceit might be superimposetly naturalvariability alsopresenbn largetime scales.
In aninnovative approacta polynomialtrendcomponentinda stochastianodelpartarecombined.With the

stochastianodellong-termandshort-termcorrelationsn time seriesdataare considered.A reliabletestfor

a signi cant trend can be performedvia threesteps:First, a stochastidractional ARIMA modelis tted to

the empiricaldata. In a secondstep,waveletanalysisis appliedto separatehe variability of smallandlarge
time-scalesassuminghat the trend componentis part of the latter A comparisorof the overall variability

to thatrestrictedto small scalegesultsin a testfor a trend. For the analysedseriesno signi cant trendcould

be foundunderthe assumptiorof the modelspresentedThe extractionof the large scalebehaior by wavelet
analysisprovidesvaluablehints concerninghe shapeof thetrend.
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1 INTRODUCTION for an underlyingdeterministictrend. Sincelong-
termcorrelationamight causdong excursionsfrom
themeanaswell aslocal trends(Beran[1994]), the
detectionof a signi cant deterministictrend there
is more challenging. By comparingthe modelsby
meansof the Bayesianinformation Criteria (BIC)
we wantto contribute to the problemof distinction
of trendandshortmemoryontheonehandandlong
memoryon the other hand(seealso Giraitis et al.
[2001]). The selectednodelalsohasanimportant
in uence on the con denceinterval estimatedfor
thetrendparametersTheview of atrendassmooth
deterministicchangeson large scalesis for exam-
ple sharedby Craigmileet al. [2003], Percial and
Walden[2000] or Bloom eld [1992].

Trend assessmerns$ an importantproblemin time
seriesanalysis.Analysinghydrologicaland/orme-
teorologicaltime series,one hasto copewith the
relative shortnes®f measureddatain comparison
to the time spanof potentialdriving forcesof vari-
ability. Also, asdiscussedy Beran[1994], it is
possibleto t different stochasticmodelsreason-
ably well to nite time series.The questionwhich
modelis mostsuitable,cannotbe answeredunam-
biguously Oftentime seriesdatado not only con-
sist of a stochasticcomponentput alsoof a deter
ministic instationaritylike a trend. In the context
of climateandhydrologicalresearchhis distinction
might be transmittableto the determinationof an-

thropogenidn uence andnaturalvariability. We have organisedthis paperas follows: in sec-

tion 2 the appliedmethods,i.e. wavelet analysis,
the Whittle estimatorfor FARIMA modelsandthe
trendtestitself, arebrie y discussedSection3 in-
troduceghedata,andin sectiond4 andsection5 the
resultsarepresente@nddiscussed.

In orderto contribute to trendanalysisin time se-
rieswe decompos¢hedatainto variationson larger
scaled(furtherreferredto astrendestimate ) and
variationsonsmallerscale§ ), whichareassumed
to be representeédequatelby a linear stochastic
model. Underthis assumptiorthe dataare tested
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2 METHODS
2.1 WaveletAnalysis

Waveletanalysisis carriedout by applyingthe dis-
cretewavelet transform(DWT) and the maximum
overlapDWT (MODWT). TheDWT is anorthonok
mal transform. The time seriesare reconstructed
by a linear combinationof wavelets,analogoudo
a reconstructionby sinusoidsin Fourier analysis.
Becausesachwavelet is essentiallynon-zeroonly
within a nite interval of time, time-scaleanaly-
sis can be achiezed. In this mannerinformation
aboutthe variationslocal in time andscalecanbe
retrieved. Furthermorethe waveletbasisis dilated
whenprocessindarger scales.Thusthe problemof
underor overlocalisationwhichoccursby usingthe
windowedfouriertransformationis minimised(see
Kaiser[1994]).

The selectionof the mother wavelet is data de-
pendent. Possiblechoicesare an orthonormal,a
non-orthonormala real, or a complex basis. An
overview aboutthe notewvorthy aspectds givenin
Torrence and Compo [1998]. Here, we nd a
discrete,orthogonalbasis— the Daubechiesleast
asymmetric"wavelet basisof width eight (LA(8))
— to be an appropriatechoice. The DWT operates
on dyadictime seriesandis de ned in termsof a
wavelet Iter andanassociatediter known asthe
scaling Iter. Let atime seriesbe a realizationof
a stochastigprocessy with randomvari-
ables , . Applying the LA(8)
wavelet Iter to Y essentiallyyields a difference
between andvaluesbeforeand after . The
LA(8) scaling lter yields a weighted averageof
lengthtwo ontheunit scale.

The MODWT (maximumoverlapDWT) is a mod-

i ed versionof the DWT. It is a highly redundant
nonorthogonalransformand time seriesof non-

dyadic length can be analysedwith it. For more

detailsreferto Percval andWalden[2000].

2.2 Parameter Estimation

In orderto classify trendsas signi cant, a model
is tted to empiricaldatarepresentingaturalvari-
ability. A canonicalclassof linearmodelsis given
by the autorgyressie integrated moving average
(ARIMA) models(seeBox and Jenkins[1976]).
This model category, however, is not suitableto
modellong-rangecorrelationsLong-rangecorrela-
tion or long-termmemaoryis presenif the autocor
relationfunction decaysalgebraicallyfor large

timelags ,i.e.

— (1)

with  being a nite constant. This resultsin

diverging. Onthe otherhand,for short-
rangecorrelationstheautocorrelationslecayexpo-
nentially and are thus summable. Several authors
reportlong-termmemorybeingpresentn riverrun-
off records,e.g. Lawrenceand Kottegoda[1977];
Montanariet al. [1997]. To include the possibil-
ity of of long-rangecorrelationsthe modelclassis
extendedto fractional ARIMA (FARIMA) models
(GrangerandJoyeux[1980]) allowing a e xible de-
scription of short-rangeand long-rangecorrelated
data.

For the recordsanalysedwe considereddifferent

fractional ARIMA modelsincluding one to three

parametersOnthebasisof theBIC andagoodness-
of- t testthefollowing threemodelsarefoundto be

appropriat€for a comparisorof the datasetsunder

investigation:An AR(1) modelgivenby

)
with WN(O, ), anFD( ) model

(3)

with , and nally a FARIMA(1, ,0)
model

(4)

For the estimationof the model parameterdVhit-
tle's approximationto the maximum-likelihoodes-
timatoris used.Thelatteris basedn minimising

— (5)

where denotegheperiodogranof the dataat
the Fourier frequencies and

the spectraldensityof the FARIMA process. The
vector containsthe model parameters.
In this formulationthe varianceof the residualsis
rescaledo one. At the minimum of , isan
estimateof themodelparametersAn extensive dis-
cussionon FARIMA models,the Whittle estima-
tor andanimplementatiorof the algorithmcanbe
foundin Beran[1994].

The in uence of a strongdeterministictrend com-
ponentwill biasthe parameteestimation.Consid-
ering this effect, the parameterestimationis per
formedalsofor the Itered setof datawith thevari-
ationson largescalesemovedby wavelet Itering.



2.3 TrendEstimation and Testfor Signi cance

Thetime seriesY , is regardedasbeingcomposed
of astochastigprocessX andadeterministictrend
componenT : Y T X .ByusingtheDWT,
the datavectorY is decomposedn a component
T, representinghe variability on large scales,and
acomponenX for smallscalesY T X.T cap-
turesthedeterministiarendaswell asthestochastic
variability on large scalesandis referredto asthe
trend estimate. The separatingscale betweenT
andX is selectedensuringthat enoughdatapoints
areleft unafectedby theboundariesseeCraigmile
etal.[2003]. Thechoiceof in uencesthetestre-
sult: shifting for one scalemight changeresult
of a trend test (seePercival and Walden[2000]).
In the following all investigationsare carried out
with , Which correspondgo a time scaleof
64 months. The boundaryconditionsare assumed
to be periodic. To minimise the boundaryeffects,
the seriesis paddedat the endwith the mean(see
Torrenceand Compo[1998]). Applying the trend
testrequiresthe -th backwardsdifferenceof the
stochasticomponento bestationary

For a selected the modelchoiceandthe magni-
tudeof themodelparameterdonotaffecttheshape
of thetrend. However, the parametergstimatedor
the stochastianodelin uence the con denceband
of the trend (seeFigure 2) andthe varianceof the
trend estimateinvolvesthe covarianceof X . If X
is arealizationof astationarystochastiprocessthe
autocwariancesequenc€ACVS)of X canbeused
to calculatethe varianceof thetrend.

A testfor trendis provided by comparingthe vari-
ability in in Y andX. Let

Y
~ (6)
be the test statistic,where  denotesthe euclid-
iannormandY haszeromean. isnow:
versus :not .ForT ,
should be large. is rejectedat a level of
signi cance if of Y exceeds ,
whereby is theupper %-quantileof sim-
ulated values.Thedistributionof theteststatistic
is estimatedria Monte Carlosimulationswith 4000
runsof the stochastianodel,which includethe op-
timisedparameterdut notrend.

Examiningthe power of thetrendtest,thefollowing
resultshave beenobtained:analysinglinear trends
the power of the trend testis slightly lower than
the power of a standardiinear regressiontest, as
statedin Craigmile et al. [2003]. The power of

the trend testdoesnot wealen signi cantly, when
thelineartrendstartsin a later part of the time se-
ries. It reachesa power of onefasterfor small s
thanfor large ones. The trendtestis robustagainst
changesn varianceof thetime seriesbut it is vul-
nerableagainsjumpsin thedata.Sotheoccurrence
of breakpointshouldbe excluded.

2.4 Goodness-of- tand model selection

A goodness-of- ttest is usedto test whethera
modelyieldsavalid descriptionof the data.We ap-
plied a testproposedyy Beran[1992], which com-
paresthe periodogranof the empiricaldataandthe
spectraldensityfunction of the tted model. This
testis basicallya formulation of the portmanteau
testfor uncorrelatedesiduals.The smallestsignif-
icancelevel for which the null hypothesis : “the
empiricaldatais compatiblewith beingarealization
of themodel”is falselyrejecteds denotedby

As mentionedthe Bayesianinformation Criterion
(BIC) is usedto comparehe performancef differ-
entmodels.If thetrue modelis amongthe models
explored,the BIC is minimal for the propermodel.
In a simulationstudy Bisaglia[2002] has shovn
that also for the long-rangecorrelatedFARIMA
modelsthe BIC is a consistenselectioncriterion.

3 DATA

For the analysisriver dischage recordsfrom sev-
eral catchmentaearthe river Neckarin southern
Germary have beeninvestigated. The serieswere
selectediccordingo theirlengthandcompleteness.
Therun-off datajointly coversthetime periodfrom
November1940to October1996. The presented
analyseshave beencarriedout for this period and
the completetime period available for eachsingle
time series. All datasetsusedare affectedby a
strong periodic componentdue to the annualcy-
cle. This is approximatelyremoved by calculat-
ing the daily averageand varianceover all years,
wheremissingvaluesare replacedby the average
for the speci c day Subsequentlfhe anomalyis
obtainedby subtractinghe averageanddividing by
the standarddeviation from the measurediata. Di-
viding by the standarddeviation removes period-
icity in the variance,seee.g. Hipel and McLeod
[1994]. The daily measurementsave beenaggre-
gatedto monthlyvalues.



4 RESULTS

The obtained parametervalues and for the
FD( ), AR(1) and FARIMA(1, ,0) models are
shavn in Figurel for the time spanfrom 1940to
1996.In comparisorto othermodelsincludingone
to threeparametersthey were selectedasbest t-
ting modelsby the Bayesianinformation Criterion
(BIC). Furthermoreconclusionsboutthe shortand
long-termbehaviour of thetime seriescanbedrawn
by studyingthesethreemodel ts.

Consideringthe BIC, mostly the AR(1) model
was determinedas best t.  For Horb/Neckay
Plochingen/Neckaand Neustadt/Remsthe FD( )
or the FARIMA(1, ,0) wasselectedasbestmodel.
Analysingthecompletetime periodcoveredreveals
a shift towardslong-termcorrelatedmodelsby the
BIC bestchoice. As shavn in Figure1 B applying
a FARIMA(1, ,0) modelresultsin smallervalues
of and , whichin the caseof Pfaf ngen/Ammer
leadsfrom aninstationaryFD( ) modelto a station-
ary FARIMA(1, ,0) model. Apparently usingthe
FARIMA(1, ,0) model,alsoleadsto anestimation
of the long-rangeparameter nearzeroat 5 sta-
tions. This suggestghat long-rangecorrelationis
not relevantin that case.The winter data(October
to March,not shavn) containsonly 3 gaugeswith
beingsigni cantly differentfrom zero,which indi-
catesthat for the winter periodlong-rangecorrela-
tionsarenotadominantcharacteristic.

The appliedtrend testdid not reveal a signi cant
trendfor ary of thetime series regardlessvhether
the full yearor only summer(April to September)
or winter (Octoberto March) are considered.The
negative trendresultis the samefor boththejointly
coveredandtheentiretime periodavailablefor each
singleseries.

Sincethe tting algorithmis sensitve to the trend
componentthe resultsare comparedto the trend
testonthe ltered time serieswherethe variations
on large scalesare removed. Here, not only the
trendcomponents Itered out but alsothe stochas-
tic variationson large scales. Thus parameteiop-
timisationwith respecto the long-rangecorrelated
componentwill be affected. Using parameterts
from the ltered seriesdoesalsonot reveal a sig-
ni cant trend. On the other hand, using param-
eter ts on the wavelet coefcients — which are
unafected by polynomial trendsof order three —
yieldsto systematicallyower estimatec¢parameters
for the FD( ) and AR(1) model. Here, a signi -
canttrendwasfound only underassumptiorof an
AR(1) modelfor Pfaf ngen/Ammer, Hopfau/Glatt

Figure 1: (A) Fitted parametersfor the FD( )
andthe AR(1) modeland(B) the FARIMA(1, ,0)
model.River Gaugesl Neustadt/Rems Plochin-
gen/Fils,3 Plochingen/Necka# Riederich/Erms5
Pfaf ngen/Ammer, 6 Horb/Neckay 7 Hopfau/Glatt,
8 Oberwolfach/\WolIf, 9 Holzlebruck/Josbach10
Ebnet/Dreisam]1 Zell/Wiese.

and Oberwolfach/WolIf. This suitsthe nding that
standarderrorsfor the trend t obtainedunderan
assumptiorof long-rangedependencean be con-
siderablylargerthanthoseobtainedunderanshort-
range correlatedautorgressve model (see Smith
[1993]) The broadenedton denceinterval for es-
timatedtrendparametergsanthusleadto anaccep-
tanceof the hypothesighatthereis notrendin case
of long-termcorrelationswhereaghis hypothesiss
rejectedin caseof short-termcorrelationg(seeBe-
ran [1994]). In Figure 2 the different con dence
banddor thetrendestimatiorunderdifferentmodel
assumptiongreshown.

Theseresultsdiffer from KLIWA [2003], wherea
signi cant trend componentvasfound at Plochin-
gen/Fils, Riederich/Erms,Pfaf ngen/Ammer and
Hopfau/Glattby usingthe Mann-Kendalltest. Fur-
ther work will focuson a betterunderstandingf
this detail.
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Figure2: Normalisedmeandischage anomaliedor theriver Fils at Plochingerandtrendestimate.The 95%
con dencebandfor the varianceof the trendestimationis dravn underassumptiorof a FD( ), anAR(1) and

aFARIMA(1, ,0)model.

In table(1) the goodness-of- ttestresults ,
for both,thecompletedataandthe Itered data,are
listed. For the null hypothesif the em-
pirical databeinga realizationof the tted models
shouldberejectedwhen . Apparently
a failed goodness-of- ttest coincidenceswith the
bestBIC valuein somecases. The relative close-
nessof for thefull dataseindthe Itered data
indicatesthatthe ltering routineshasto beamelio-
ratedto enhancedhe tting routine. This is subject
of furtherwork.

5 CONCLUSIONS

A model dependentirend test has been applied
to meandischage anomaliesfrom southernGer
mary. We consideredan AR(1), FD() and
FARIMA(1, ,0) modelwith parameteroptimised
by aWhittle estimator For eachstationthefull time
seriesaswell asthesummen(April-Septemberand
winter (OctoberMarch) componenthave beenin-
vestigatedseparately For the time period jointly
coveredby all datasets(1940-1996)and for the
full lengthof eachrecordno signi cant trendcould
be found for the three models assumed. Since

the Whittle estimatoris biasedfor an underlying
trend, the parameterestimationhasbeenrepeated
for datawith thevariability onlargescalesemoved
by wavelet Itering. The result remainedunaf-
fected,no signi cant trendcould be found. Prelim-
inary investigationausing parameterestimationon
thewaveletcoefcients yield smallervaluesfor the
AR(1) andFD( ) parameterin this casefor Pfaf n-
gen/AmmeyHopfau/GlattandOberwolfach/WoIf a
trendhasbeendetectedisbeingsigni cant usingan
AR(1) model. Thiswill besubjectof furtherinves-
tigation, especiallyin the contet of positive trend
resultsobtainedwith a Mann-Kendalltestreported
in KLIWA [2003]. The separatiorof determinis-
tic trendandnaturalvariability is of high interestto
watermanagemerduthorities.

Theshapeof theestimatedrends of theanalysed
hydrologicaldatado not reveal a monotonictrend,
but ratherdo containsegmentsof increaseandde-
crease.This indicates thatfor trendteststhe anal-
ysedtime periodmight be crucial.

Thecorrelationstructure- e.g.long-rangeor short-
rangecorrelations— of riverrunoff hasimportant
consequence®r the investigationof extremeval-



FD() AR(1) FARIMA(1, ,0)
Total | Summer| Winter || Total | Summer| Winter || Total | Summer| Winter
Neustadt/Rems 01/01 | 84/85 | 3834 | 09/08 | 94/96 3227 || 07/07 | 94/95 | 37/29
Plochingen/Fils 05/05| 77/78 | 19/20 || 43/43 | 9395 | 27/29 | 40/42 | 93/94 | 27/29
Plochingen/Neckar || 18/17 | 46/45 | 32/28 || 61565 | 78/79 34/26 || 5857 | T77/77 | 34/26
Riederich/Erms 17/18 | 41/43 | 37/34 || 88/86 | 87/86 | 45/39 || 87/86| 87/86 | 45/39
Pfaf ngen/Ammer 54/53 | 54/52 | 79/78 || 46/40 | 80/76 68/61 || 61/59| 80/76 | 72/61
Horb/Neckar 21/20 | 24/24 | 28/25 || 3325 | 52/52 33/25 || 4541 | 51/51 | 33/25
Hopfau/Glatt 00/00 | 65/67 | 02/01 || 08/12 | 51/61 1413 || 10/11| 71/73 | 14/13
Oberwolfach/Wolf 03/02 | 38/38 | 01/00 || 34/24 | 36/38 10/05 || 27/24 | 35/35 | 10/05
Holzlebruck/Josbach 00/00 | 64/63 | 00/00 | 19/15| 82/83 | 07/04 || 19/15| 83/83 | 07/04
Ebnet/Dreisam 07/04| 10/08 | 01/00 || 1225 | 11/22 1513 || 20/25| 15/22 | 15/13
Zell/Wiese 15/13| 04/04 | 00/00 || 47/43 | 22/28 00/00 || 47/43| 20/28 | 00/00

Tablel: valuesfrom the goodness-of- ttestarelisted. Valuesbeforethe backslastdenoteresultsfor

all dataanalysedn thejointly coveredtime periodfrom 1940to 1996.Valuesafterthebackslastienoteresults
for the Itered data,wherevariationson large scaleshave beeneliminatedbefore tting the modelparameters
to excludeabiasdueto apossibletrend. Bold valuesindicatethe modelwith bestBIC results.

ues like oods and droughts. According to the

model selection criterion (BIC) for most of the

gaugesconsideredan AR(1) processis suggested
asbeingsufcient to describeherunoff-anomalies.
This seemgo contrastwith Hurstcoefcient larger

0.5 found frequentlyfor run-off anomalies.Inves-

tigationsin this directionwith an expandedmodel

canonandvariousselectioncriteriawill be carried

outin forthcomingworks.

REFERENCES

Beran,J. A goodness-of- ttestfor time serieswith
longrangedependencelournal of the RoyalSta-
tistical SocietyB, 54:749—-7601992.

Beran, J. Statisticsfor Long-MemoryProcesses
Chapmar& Hall, 1994.

Bisaglia,L. Model selectionfor lon-memorymod-
els. Quadernidi Statistica 4, 2002.

Bloom eld, P. Trendsin global temperature.Cli-
matic Changg, pagesl-16,1992.

Box, G. andG. Jenkins.Time SeriesAnalysis:fore-
castingand control. PrenticeHall, New Jersg,
1976.

Craigmile, P, P. Guttorp,andD. Percival. Trend
assessmerih along memorydependencenodel
using the discretewavelet transform,2003. in
press.

Giraitis, L., P. KokoszkaandR. Leipus. Testingfor
long memoryin the presenceof a generaltrend.
Journal of Applied Probability, 38:1033-1054,
2001.

GrangerC. andR. Joyeux. An introductionto long-
memorytime seriesmodelsandfractionaldiffer-
ences.J. Time SeriesAnal,, 1(1):15-29,1980.

Hipel, K. andA. McLeod. Developemenin Water
Science Elsevier, Amsterdam1994.

Kaiser G. A Friendly Guide to Wavelets
BirkhauserBoston,1994.

KLIWA. Langzeiterhalterderhochwasserabiisse
in baden-viirttembeg und bayern. Technicalre-
port, 2003.

Lawrence,A. and N. Kottegoda. Stochastiomod-
elling of river- o w time series(withdiscussion).
J. R.Stat.Soc, 140:1-471977.

Montanari, A., R. Rosso,and M. Taqqu. Frac-
tionally differencedarimamodelsappliedto hy-
drologic time series: Identi cation, estimation
andsimulation. Water ResourRes, 33(5):1035,
1997.

Percial, D. andA. Walden. WaveletMethodsfor
Time SeriesAnalysis CamebridgeUniversity
Press2000.

Smith, R. Long-range dependenceand global
warming. Statisticsfor the Environment1993.

Torrence,C. and P. Compo. A practicalguideto
wavelet analysis.Bulletion of the AmericanMe-
teomlogical Society 79(1):61— 78,1998.




