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Abstract. The usefulnes of principd componehanalyss for understandig the tempora
variability of monsoa rainfal is s.tudied Monthly rainfal dat of Karnatakasprea on 50
statiors for a periad of 82 yeas haw been analysé for interseasordaard interannual
variabilities A subse of the abowe dat comprising 10 statiors from the cohereh weg zore
of Karnatala has alsobee investigatd to bring out statisticaly significart interannué
signakin the southwesmonsom rainfail. Conditiond probabilities are propose for afew
abowe normal/belev normad transitions A sampé predictian exercie for June-Ju} usirg
sud a transition probability has been found to be successful

Keywords. Monsoon rainfal variability;, principd componentsempiricd orthogona
functions eigenvaluesspatia structure predictability transition probability.

1. Introduction

Rainfal is perhaps the mog importart variabk in the phenomeno of monsoon The
amourt of rainfal in a given week monh or seasa varies from yea to yea ove a
wide range This raises the questionis there an identifiable patten in the variations
or is the variability purely random Variability may be defined as a tendeng of
rainfall to fluctuae arourd along-term averag@ (norma) value It follows tha ore
can conside this variability on severatime scalessud as days weels ard months
and al on diverse spatid domainstha is, stationsdistricts or statesAs the monsoo
is known to be organizel spatially on alarge scak ard is persistehin time for severa
“months it coud be usefu to stud/ the dat on afew optimd scales However the
optimd time ard spae scals for rainfal are unknown ard thus one has to accep
the dat as they are ard estimae empirically the existene of patternsIn the presenh
investigation this is undertaka for the monthly rainfal dag of KarnatakaA variey
of statistich analyses of rainfal on the monthly scale hawe bea made earlig by
severd investigators Thus information on the mean standadl deviation coefficiert
of variation is available The autocorrelatio ard powe spectra densiy of the time
series of a few statiors hawe alo been obtainel (lyenga 1982 1987 Fleg 1977) It
is found tha the® are white noise (purely randon) processe after the annué cycle
is removed No tempora patten emergs in monthly rainfal a statin level As
interstatim dab are spatiall correlate ore would ak whethe by combinirg the
data from severastatiors trends could be identified Identification of coherehzones
(Gadgil e al 1989 ard clusterirg of statiors into grougs (Gadgi ard lyenga 1979
are exampls of sud a study The presehwork is concernd with both spatid ard
temporéa variation by composig the large scaé dag into principd componers (PO
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intime ard empiricd orthogonafunctions (EOPF in spacePreviousy Lorere (1956)
Kutzbad (1967) Priesendorfe e al (1981) Overlad ard Priesendorfe (1982)
Hastenrat ard Rosa (1983) Singh ard Kripalan (1986), Bed ard Bindra (1980)
Rakhecha ard Mandd (1977 amorg othess hawe utilized this technique The main
emphass in the® studies has bee on explainirg the spatid structue of thefield. In
the presenstudy it is shown tha principd componerg can be usel to compae and,
if necessarygroup the ‘years’. The PC of monthly and seasonadaia revea interestirg
information abou seasonalinterseasonaard interannuévariability. Further some
patterrs in predictabiliyy hitherb unsuspecttare identified

2. Data

The dat analysd in this investigation are the monthly rainfal of Karnatala spred
over 50 statiors ard extendirg over 82 years from 190l to 1982 The Stat of
Karnatala alorg with the statiors considerd is presentedn figure 1. While it would
be usefu to conside the all-India datg there are restrictiors due to dat gaps ard
unequa lengh of statian time series It is alo naot clea whethe consideratia of a
large area improves or dilutes the tempor# signas tha may be present Hence
before studyirg the all-India rainfal variability, a pat of the county is considerd
in this study The rainfal in Karnatala by itsef is of consideral# interest as three
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of therainfal subdivisiorsof the MeteorologicaDepartmenof India, namely Coastal:
Karnatala (Sub Div. 31) North Karnatala (Suh Div. 32) and Souh Karnataka
(Suh Div. 33 ar in Karnataka Coasté Karnatala receives the highe$ monsoa
rainfall amorg all the subdivisionsThe seveny yea mea summe monsoa rainfal
for coastd Karnatala is as large as 2907mm as reportel by Shukla (1986) The
southwes monsom (SWM) or the summe seasao (June-Septembgraccouns for
the bulk of the rainfal of the yea excep in area souh of Bangalore In are® nea
the weg ard sout of Bangalore SWM rainfal is less than 50% of the annu& ard
to the sout of Mysore thisvalueislesthan 40% With thisin view, the premonson
and the post-monson seasonlarainfal daa hawe al bee analysed

3. Analysis

The State-wie data matrix usal here for any mont or seasa is of size 50 x 82 The
average standad deviation skewnes ard kurtoss hawe bea computel for eath
station before further analysis Far principd componenhanalyss (PCA) the centerd
data are used Thus if R; is the actud rainfal a statini (i=1,2...M)in the yea
t(t=1,2...N) the mea valwe is

N
mi=(1/N) . Ry (1

the centerd dab are
r. =(R;—m,) 2

The covariane matrix is
N i :
Ci_;':(l/N) 21 Fiet'i- (3

The eigenvalus 4; ard eigenvecta {¢;;} of this symmetr¢ matrix are extracted The
principd componerg are

M

Pj:ﬂrz ty 0is(=12... M) )
This transforns the origind time series r;, into the new time series p;,. The first few
p;’s are generaly sufficiert to accoun for a large percentag of the spatid variation
of the origind data Many of the previows rainfal studies alorg this line hawe
concentrate on the EOFS or the eigenvecta ¢;;, which represenspatia patterns
It is found hewe tha p, alo contairs usefu information which can be usa to
understad temporé variability. At this stage it would be necessarto identify how
mary p; haw to be retaine in the orthogona representatio

M
Fi = Z P 9 B
j=1

as significant Preisendorfeet al (198) haw discussé differert rules which can teg
the significane of the eigenvalus ard the principd componentsAs pointed out by
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them the tess shoull be designd dependig on the erd use of orthogona
decomposition Firg the eigenvalue shoutl be testel to verify how significantly the
dat deviat from purely randan noise If the bast dat were spatiallyy uncorrelatd
with zelo mean ard unit variance the eigenvalue would all be equa to unity, ead
explainig 100/M pea cert of the totd variance In practice due to samplirg
fluctuatiors the sampé eigenvalus will differ from this value The percentié levd
of the eigenvalue for severh combinatios of M amd N has been obtaine by
Preisendorfe (198) by Monte Carb simulation of large samples To teg the
significane of the eigenvalus they are normalizel by

M
Ai=MAi,/ '21 A 6)
J._'

ard compare with the simulatel significane bands This teg is shown in figure 2
for the monthly and seasorladata For all casesit is found that the first three ternms
are significant The fourth term is marginaly significart but its contributian to the

totd variane is only abou 4% The first three togethe explan 60-7®% of the totd
variance

4. Monthly rainfall

Monthly rainfal presend an interestimg picture as shown by figure 2. While the first
eigenvecto dominate the spatid structure 4, increase in May ard Jure to read
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a pe& in July. This is followed by a decreas in Augug and SeptemberA bette
view of how the rainfal field is gettirg reorganizd is provided by the eigenvects
(e.v) shown in figures 3 to 8. Here the first two eigenvectorsmultiplied by 10 are
shown Sine the first e.v. is always predominantthe month-to-mort transitian of
this would be important It is se@ tha in May the whole Stae remairs spatialy
correlated This mears that above/belav normd fluctuatiors in rainfal alorg the
wegd coas$ stations which hawe the larges weight would indicae similar trends in
othe pars of the State This picture changs in Jure when the first e.v. produces a
spatid contrast dividing the Stak into three regions As it is difficult to verify the
significane of the sign ard values of the staticn weighs given by the eigenvectors
the first e.v. in Jure may be taken to indicake a west-eat contrast Above/kelow
normd rainfal in the wes would indicae below/aboe normd rainfal in the east
This patten intensifies in July ard the contras decreasedut the east-wesdivide is
still evidert in the first e.v. of July and August In Septemberpositive associatios
of all statiors are restorel ard this remairs stabk even in October An interpretatio
of the secon e.v. would procee on similar lines As this accouns for only abou
10% of the varianceit is perhag alocd featue nat relatel with atmosphen scales
The seconl e.v. in June-Septembendicates a contras betwe@ the weg coas ard
interior stations The third and fourth eigenvecto patterrs which are nat presente
heredepid further locd scales over which therainfal isfluctuatingabou itslong-tem
mean value The tempor# variability of the rainfal is carried ove to the PC5 in
decreasig orde of importance Ead p,, (j=1,2,3...) is a time seris samplel
annually ard would lead to information on interannual variability. All the first four
principd componerg of the six montlrs hawe been studial to teg the existene of

Figure3. a Fird eigenvecto- May. Varian® explaing =45-85%; b. secon eigenvecto-
May. Variane explaing = 13-97%,.
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Figure4. a Firdg eigenvecto- June Variane explaine = 52:06%,; b. second eigenvecto-
June Variane explaingl = 11:11%.

Figure5. a Firg eigenvecto- July. Variane explaine = 60-41%; b. seconl eigenvecto—
July. Variane explained = 11-47%,
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Figure6. a First eigenvecto- August Variance explainel = 54-93%; b. secoul eigenvector -
August Variane explainel = 10:57%.
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Figure 7. a Firg eigenvecto - SeptemberVariane explaing = 33-54%;; b. second eigen
vector-September. Varian® explainel = 21-28%,.
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Figure8. a Firg eigenvecto- October Varian@ explaing = 45 15%; b. secod eigenvecto-
October Variane explainel = 8:54%,.

autocorrelatia for a maximum lag of 8 years No significart autocorrrelation was
found in ary of the componentsAs a furthe teg of annu associationthe numbe
of changs in the sign of the first two componentsnamey (++, +—, — +, )
has bean collecta in atwo-way contingeng table The® are testel againsthe expectd
numbe of occurrenceif the change werejust due to chanceNo significart associatia
in the sigrs on the annué scak was found for ary of the first two monthly principd
components

41 Monthly transitions

Earlier it has bean mentionel tha station rainfal does na shav month-to-mortt
correlation This does not excluce the possibiliy of a correlatm existirg in area
rainfall time series The principd componerg ate area-rainfdltime serieswhere the
weight are selectd in an optimd fashion However the questiomn whethe the PCS
representig the siz of a stae like Karnatala are abk to bring ou this featue or
not, is still open But, if monthly associatiog are presehin the basc dat ore could
expet to see tham reflecta in the way the PC5 evolve from monh to month Here
one particula indicata of this relation namelythe transitian in the sigrs is studied
Iftherainfal inagiven montisnormd at all samplirg stationsal the correspondig
PCswill beprecisey zera Sinethefirst PC dominatasthe spatid variation wheneve
it is zelo ore may expet the rainfal al® to be nea its own norma value Thus
dependereif any, in the sigrs would indicak patterrs in the intraseasoravariability
of the rainfall. In table 1 the observe numbe of sequenceof + +, + —, — +
are listed for the first PC

b

49
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For ead row in table 1 the persistene or chang in the sign can be shown on a
2 x 2 contingeng table The significane of the associatia is testel agains the numbe
expected if the sign changs were purely by chance Far example in May the first
PCis +ve 17 + 12 =29 times The correspondig numbe for Jure is 17 + 19= 36
Now, if the PC5 of May ard Jure areindependentthe expecte numbe of occurrence
of the + + sequene in 82 observatios would be (36 x 29)/82= 12-73. The®
frequencis are al listed in table 1. The full hypothess H,, is "there is no dependere
in the month-to-monh sign changes" The X teg is appli to teg this hypothess
(Rohatgi 1984) The observe ¥* values listed in table 1 are comparée with the
tabulatel x* value of 3-84, & one degre of freedon ard a 95% significance Wheneve
the observe value exceed the tabulate value the null hypothess will be rejected
It is se@ that the transitiors from May to Jure ard Jure to July could be acceptd
as exhibiting a pattern wherea for the nex two months the transitiors are purely
random For Septembeto Octobe the null hypothess is acceptd a 95% level but
rejectel a 90% Thus it is possibé tha this transitian is alo na purely due to
chance A similar analyss for the sign change of the secod PC showstha all
transitions excep thoge from Septembe to Octobe are purey random Cross
correlatiors betwea the first ard secon PCs haw alo been studied Again, only
the September-Octolbdransitian is clearly identified as nat due to chance In table 2
all the frequencie observel ard thos expectd due to chance are presentd for
September-October

It is interestiy to obsere tha Septemberwhich is the lag monh of the SW
monsoon provides an indication of how the rainfal could be in the first monh of

Table 1. Frequeng of sign sequencg in the | PC of monthly rainfal (N = 82 yrs).

Sign
4 -+ "il a= I -+ —
-z2
Month Obs Expt Obs Expt Obs Expt Obs Expt Obs
May-Jure 17 1273 12 1627 19 2327 34 2973 393
June-Juw 12 1668 26 2132 24 1932 20 2468 436
July-Augug 15 1400 22 2300 26 1700 29 2800 021
August-Sept 11 128 20 1815 23 2115 28 2985 073
Sept.-Oct 20 1622 15 18-78 18 2178 29 2522 286

Table 2. Frequenyg of sign sequencefor September-OctolbéN = 82 yrs).

Sign
++ 4+ - -+ =
; 2
Comp Obs Expt Obs Expt Obs Expt Obs Expt Obs
PCI1-PCI 20 1622 1B 1878 18 2178 29 2522 286
PCi-PC2 19 145 16 2050 15 1950 32 2750 416
PC2-PQ 3 1900 28 2200 25 1900 16 2200 706

PC2-PQ 23 1700 18 2400 11 1700 30 2400 723
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Tabke 3. (g Observe transition frequencie (b)
Expectel transitim frequencie purey due to
chance Sept.-Oct

@) <b)
4 9 2 4 325 463 556 556
28 9 13 375 536 643 643
3 2 10 10 427 61 731 731
s 1 3 7 273 390 468 468

the northeas monsom season Fram figure 2 it is se& tha in Septembeboth the
first ard second PCS are important as they contribue 346 ard 21% respectivet to
the totd variance Thus it would be more appropria¢ to depid the stat of the
rainfal in terms of the first two components Ore would ak whethe the two
componerd taken as a par still shav asignificart relation betwe@ Septembeard
October The sign of the first two componerd taken as apar can bein ary ore of
the four statesl = + +; Il = - +; Il =——; IV = + —. To stud/ whethe the four
states in Septembe ard Octobe are dependentthe 4 x 4 contingeng tabke of the
correspondig observd frequencie ard the expectd frequencie due to chane are
shown in table 3. The calculatel ¥ value is 22-8, while the tabulatel value of x* a
9 degres of freedam is only 16:9. Thus even with this stronge ted it turns ou tha
rainfal in Octobe is relatal to rainfal in September

5. Seasoriarainfall

The yea can be divided into three seasonsnamely, premonson (Januay to May),

SWM (Jure to Septembgr ard the Northeas Monsom (NEM) (Octobe to

December) An analyss similar to the monthlies has been carried out on the three
seasoniainfal dataspred over thefift y stationsThefirst six normalizel eigenvalue
are plotted in figure 2 to teg the significan@ by the dominan variane rule. It is
clea that like the monthlies the seasonal als indicae the first three componerg to

be significant Far SWM, the fourth componenis als significart with a contributian

of 6% to the totd variance The first two eigenvecta for the three seasos are shown

in figures 9, 10 and 11. The first e.v. shows a highly correlatel field in al three cases
The premonson secod vecta shows a weg coast — interior contrast The SWM

secom vecta seens to accentua this with further contras emergig in the SW-NE
direction The secow e.v. of the NEM indicates a contras betwea statiors which
predominant receiwe the NEM rainfal and those which do not

5.1 Interannual variability

The interannub variability of the three seasorlarainfalls has been investigatd as
explain@l in the previows section The premonson PCs do na shav ary annua
relation as verified by the autocorrelatio or throudgh the dependerein the sign
sequencesThe SWM principd componerd are however interestig becaus they

£
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Figue 9. a Fird eigenvecto- premonsoon Variane explaing = 4050/,, b. secon
eigenvecto - premonsoonVariane explaing = 11-30%.

Figure 10 a First eigenvecto- SW monsoon Varian@ explaine = 47-07%; b. secoul
eigenvecto- SW monsoon Variane explaine = 10-85%.
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Figure 11 a Firs eigenvecto- NE monsoon Varian@ explaingl =46-44%; b. secon
eigenvecto- NE monsoon Variane@ explainel = 7-86%.

Table 4. Frequeng of annu# sign sequence(SWM N = 81 yrs).

Sign

++ -+ -

Comp. Obs Expt Obs Expt Obs Expt Obs Expt Obs

PCI 13 1555 22 1945 23 2045 23 2555 123
PC 29 2230 14 200 13 1970 25 1830 890
PC3 200 1975 20 2025 20 2025 21 2075 0Ot

PG4 I 1512 24 1988 24 1988 22 2612 348

indicatethe presene of annuasignalsIn table 4 the frequencis of the sigh sequence
for the four PCS of the SWM rainfal are shown ard ther significane is tested This
table shows tha the first PC has no patten on the annué scale But the evolution

of the secol componehcanna be dismisse as due to chance Similar tess on NEM

componerg shav tha agan the secon PC cannd be a purely randanm time series
In figure 12 the seconl PC of the SWM dat is presentedThe resuls of the abowe
ted can be interprete to mean tha the Karnatala Stae monsom rainfal throuch
its first dominan componehevolves on scals of the orde of a month ard less The
secoml componen of the SWM represers a patten with characterist time as a
yea or amultiple of it. In fact, from figure 12 it would seen tha this has apredominan

o

471
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Figure 12 Secou principd componenh of SWM rainfal in Karnataka

periad of neary three years This componehis se@ to persi$ with the sane sign for
2 to 3 yeas before a chang takes place

52 Interseasonal variability

The eigenvectas of the premonsoonSWM ard NEM rainfal hawe been presentd
in figures 9, 10 ard 11. The associatios betwe@ the seasos can agan be studia
convenieny throudh the principd components It is found tha only the secou
principd componerg of the SWM ard the NEM rainfal shav amutud connection
The sign sequene transitian for this ca® leads to an observe y? value of 492 which
is significantly highe than the tabulatel value of 3-84. This trerd is in conformity
with the significart dependere in the transitiors from Septembe to Octobe as
shown in table 3.

6. Grouping the years

When rainfal ove a large area is consideredthe currert practi@ is to arrive a an
area rainfal value as a weightel avera@ of the rainfal a the individud stations It
may be observed tha the first PC is alrea¢y a dominan weightel averag of the
statin rainfall, ard is a goad measue of the area rainfall. Further sine the secou
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Figure 13 Variability of the principal componerg of the SWM rainfal in Karnatala
1901-1982* — zerorainfall.

componehis alw always statisticaly significant PC, and PC, on ary time-scag are
thetwo mog importar characteristisof rainfal in agiven yea for thewhole netwok
of stations Thus with PC, amd PC, as coordinate the pas years dat can be
representg on a diagram Sud a representatio producs a convenieh way of
comparirg the yeas as in figure 13 for the SWM rainfall. The ided normd year; i.e.
when ead station receivesexacty itsown normad rainfall, hasall principd componerg
as zera Sud ayea coincides with the origin in figure 13 All the da@ hawe bea
markel in this figure ard it is eay to see tha the so-callel normad yeass fall arourd
the origin. Years with excessie rainfal like 1961 haw large positive PC, ard PC,
values The hypothetica zeo rainfal yea when ther is no rainfal a ary of the
statiors has coordinats (— 842, 160). Furthe ore can mak years with prescribe
percentag variatiors abou the normd rainfal on this figure. Nearnes of two or
more yeas on this diagran indicates that for the® yeas the atmosphed conditiors
could hawe bea similar. Sud informatian could help in foreshadowig droughs ard
floods.

7. Analysis in a coherernt zore

The study presentd so far referra to an area which in ternms of eithe the climate
or the topograply is not homogeneousThus it would be relevan to ak whethe

the variability patterrs found on differert time scale for the Stae of Karnatala as

a whole would be als valid for smalle regions A more interestirg questia would
be whethe the interannuasignas which may be too we& to be detectd statisticaly
in a large inhomogeneous regian becone stronge if the principd componers are

iw
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found for a coherenm rainfal zone With this in view, a s of ten statiors from the
westen regim of Karnatakareferral henceforth as the weg zore (WZ) is considered
The statiors are Mangalore Kundapur Karwar, Supa Sirsi Soraba Belthangadi
Mercara Somwarpet ard Virajpet The principd componerd for this sd¢ of statiors
hawe bean found as explaing earlig for the periad 1901-1980 Here only sone limited

resuls regardimg the variability trends on monthly ard annué scale are studied. in

tables 5 and 6 the frequeng of sigh sequence for the first ard secou principd
componerd of monthly rainfal ispresentedFrom table 5, it is se@ tha the transition
of PC, from Jure to July shows a significart x*-value, a trerd alo presen for the
whole Stae (tabke 1) While the Karnatala dat showv significart transitiors from
Septembeto Octobe in PC, and PC,, this trerd is weakend in the weg zore data
This behaviou seens reasonald becaus with the onsé¢ of the NEM rainfal in
October the eigenvecto patterrs (figures 12 and 13) chang and the dominane of

the westen regian is reduced This line of argumemnwould indicat that for the SWM

seasonarainfall, the interannual variability trends if present shoutl be bette
detectal® in the PCS of the WZ, than in the PCS of the entire Karnatala data This
hypothess is verified in table 7 through the sign sequence of the SWM rainfal

principd componentslt is interestiry to obsere tha while the observe y* value for
the all-Karnataka dag is only 1-23, for the cohereh WZ this value is 4-69, which is
conspicuousl significant Thus it may be se@ tha the annua signa of the first PC

Table 5. Frequeng of sign sequencgin the | PC of WZ monthly rainfall.

Sign
+ + - -+ —-—
xl
Comp. Obs Expt Obs Expt Obs Expt Obs Expt Obs
April-May 9 11110 28 2590 15 1200 28 3010 106
May-Jure 12 1020 12 1380 22 2380 34 3220 079
June-Jw n 1530 23 1870 25 2070 21 2530 382
July-Augus 16 1395 20 2205 15 1705 29 2695 089
Aug-Sept 1] 1201 20 1899 20 1899 29 3001 023
Sept-Ot 16 1318 1S 1743 18 2083 31 2817 172

Table 6. Frequeny of sign sequencgin the Il PC of WZ monthly rainfall.

Sign
++ +— -+ -
x.‘l
Comp Obs Expt Obs Expt Obs Expt Obs Expt Obs
April-May 22 2255 19 1845 22 2145 7 1755 006
May-Jure 21 2145 23 2255 18 1755 18 1846 004
June-Jw 20 1950 19 1950 20 2050 21 2050 005
July-Augug 19 1950 2t 2050 20 1950 20 @ 2050 005
Aug-Sep 14 1755 25 2145 22 1845 19 2255 233

Sepi~Oct 2 1800 14 1800 18 2200 26 2200 323
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Table 7. Frequeng of annuéd sign sequence WZ SWM rainfal (N =79 yrs).

Sign
++ +- -+ —
xl
Comp. Obs Expt Obs Expt Obs Expt Obs Expt Obs
PC1 13 17-80 24 1920 25 2020 17 21-80 469
PQ 23 1733 14 1967 14 1967 28 2233 656
PC3 2 17-80 17 19-20 18 2020 24 21-830 099
PG4 25 2286 17 1914 18 2014 19 16:86 094
PCS 23 21-28 18 19-72 18 1972 20 18-28  0-60

of the SWM rainfal is enhancd in the WZ rainfal data Moreover the PC, of both
the entire Stae ard the WZ rainfal shav significart annué transitions

8. Predictability

A questiao closel connectd with rainfal variability is ore of predictability If the
variability, which is a deviatin of rainfal abou its long-tem avera@g value, is not
purely random, one expect a tempord relationshp to be detectable The mod
desirabé relationshp is a linea one But, in the preseh contex it has bea pointed
out tha monthly rainfal anomalies shaw no significart autocorrelationsThus linea
relationshi for time-wise evolution usually ge rejectedby appropriag statistich
tests On the othe hand, it is nat obvious wha kind of statistich methodolog ore
shoutl adop to dete¢ and ted nonlinea relations Principd componeh analyss
does nat provide a direct answe to this question But, as principd componerd are
found to posss statisticalyy significart trends it may be more appropriag¢ to first
predid the principd componerg ard then foreshadw the rainfal in terms of pas
data with the help of a diagran like figure 13 The regim ideally suited to attemp
this kind of predictabiliy is the coheret weg zore of Karnataka In this zore PC,
ard PC, of the SWM rainfal shav significart annué transitiors ard one can ak
the probability of the nex yea PC beirg above/belw averag (+ or —), if in the
presehyea it isabove/belw averag(+ or —). From tabke 7 the two-stae transition
probability matrix for PC, and PC, are found to be

035 065 062 038
Ply, = -
[Pl [O.&) 0-40][P]2W—[0‘33 0-67]'

Sud quantification helps ore to understad the physicéd significan@ of PCA, which
can alo be interpretel as amodd decompositia of amultivariae rainfal time series
Now, it is eay to see tha PC, stand for an annu# oscillatoy mode wherea PC,
stand for a persistene mode This interpretatio is true only for the wed zore data
For Karnatakaas a whole with the preset datg the oscillatiors in PC, arte attributabé
to chane and hene prediction throudh a transition probability is nat justified. PC,
of the Stak dak has significart transition probability given by

0-67 .0'33
P,—|
[ :]25 I n"4 0'66}

[ P

fig
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This probabiliy matrix is almog the sane as the [P],, of the west zone Thus
althoudh the secoul eigenvecto of the Stae ard the WZ are spatialy of secondar
importance the correspondig PC, time series stand for a stabk persistene mode
valid for a large spatid region The questim whethe the prediction of a secondar
componehisof importane in forecastiig the actud rainfal needfurther investigation
But it may be pointed out that even if PC, is an atmosphen signd just presehin the
rainfall time series it gives ore coordinag in locating an yea on the PC diagran of
figure 13. However without prope prediction of PC, which is of primary importance
knowlede of PC, may na be of much practich use Tha PC, is directly relatel to
the area rainfal is easiy demonstrate as follows. Let the area rainfal R, be defined
as the arithmett averag of the rainfal a ead station (j — 1,2... M). Thus

R=(/M)LT Py (/M) . m,
=(1/M)ZP;; + . | @)
The correlation betwea R, ard the fcth principd componenis
<§.-Pm> = ’:-k&‘-k- (8)

Henc the linear correlation coefficiert between R, ard Py, is
M

M 12

Py = [jv:%fzﬁf’k]/l: ;Z; ;"j&?] - =iZI }yj- ©)]
Wheneve the eigenvecto elemens are of the sane sign p, will be very nearly equéa
to + 1. In the preseh analyss it has bean found tha the first eigenvectofield rarely
exhibits spatid contrast Thus P,,(PC,) will be highly correlatel with the area rainfal
time series In fact PC, itseff can be taken as a measue of the area rainfall. For the
secomnl and highe eigenvectas the elemersg chang sign often leadirg to smal values
of Eﬁj. This would lead to lower or insignificart correlatio betwee R, ard the highe
principd componentsHowever if instea of the compleé dat netwok only pat
of the statiors which hawe the sane sign in ther eigenvect® are consideredthe area
rainfall for the® specia regiors will still hawe significart correlatiors with the
correspondig principd componentsin table 8 the p, value for the WZ rainfal is
presentd for monthly ard SWM data The strorg correlation betwea PC, ard the
rainfall leads to the inferen@ tha the transition probability [P],, when significant

Table 8. Correlatim coefficiert
betwea rainfal ard PC; for WZ.

Data P

SWM 09976
April 0-9945
May 0:9938
Jure 09977
July 09810
Augug 09973
Septembe 09937

Octobe 09926
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Table 9. 80 yea statimn averag rainfall
in cm. for the WZ.

No. Statin June July
1 Karwar 9598  102:57
2 Sum 40-60 9519
3 Sirg 5217 99-59
4 Mercara 60-14  112:76
5 Somwarpe 32:63 7771
6 Virajpet 5567 91-55
7 Mangaloe 96-26  104-81
8 Belthangad 94-41 158-52
9 Kundapua 10344 12230

10 Sorala 2872 6117

can be taken as an overal featue of the rainfall. Thus for the WZ monsoa rainfal
an above-average-rainfall-yewill be followed by abelow-average-rainfall-year with
65% probability. However when a given yea is belov averag the following yea
would be aboe averag with only 60% probability. This skewnes in the oscillatiors
of rainfal is an interestiig featue which has come out systematicayl through the
presem analysis In the intraseasoriastudy of table 5 for the WZ only the June-Ju}
transition for PC, comes out as significart with :

032 ®8
P = :
[Pt [0-54 0-46}

This is an interestimg transitian in tha it state that given the Jure rainfal to be
abowe normal July rainfal has a high probability of beirg belov normal On the
othe hand if in Jure the rainfal is belov normal no predictive tendencie exist as
there is an almog equd chane for July to continte to be belov normal or becone
abowe normal To chedk the abowe transition probability, a prediction exercie is
undertake for the 10 statiors of the WZ for July. For this purpo® the Jure ard
July dat of 198l to 198 nat includead in the previols analyss are used In tabke 9,
the information on eighty yea normad rainfal for the WZ statiors is presented

In table 10 the predictian of the July rainfall, wheneve the Jure rainfal is abowe
normd is presentd ard compard with the observe July rainfall. It is to be noted
that when the Jure rainfal is belov normal no predictian is possibé accordimg to
the June-Ju} transitian probability Sud case are indicatel as +/— in table 10
From tabke 10 it is observd tha there hawe bea 28 cass of Jure rainfal beirg
abowe norma in the five yeas considerd here Fo all the® cass base on the
transitioan probabiliy matrix [P]{w, July rainfal is predicte to be belov average
This predictian is se@ to be corre¢ in 27 ou of the 28 cases

9. Discussim

The popula approab in time series studies is tha of autocorrelatio ard powe
spectrum analysis Ore faces sever& difficulties in understandig monthly rainfal




Table 10 Prediction of July rainfal given rainfal in June

+: aboe avera@
—: belov averag@
19%
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time series dat throudh classich spectrun analysis First, alarge netwok of statian
da&will hawe to be simultaneougl analysd for their cross-specttadensities as was
dore by Hartmam ard Michelsen (1989) As the sampé time series are highly
correlatel amorg themselve due to spatid coherenceresuls of a straightforwad
spectra techniqe would be cumbersomeif not difficult to interpret On the othe
hand if ead station dai are analyse individually, the spatia structue is lost, which
may be importart in enhancig the temporé signals In mog cases, the monthly
station dat will be identified as white noise meanimg tha the temporé variation is
purely due to chance Sine autocorrelation/powespectrim analyss study linear
tendenciesthey are nat strorg enoudp particulary with non-gaussia dat to shov
nonlinea tempor tendenciesThis, in turn, demand more complicatel highe orde
spectraanalyss lik e bispectrun computationsSometimes the argumenis put forth
that instea of looking at individud station data as the atmosphed systen is
organizel ove large spatial scales ore shoutl analy® area rainfall. While this is
reasonableit is nat clea whethe the official area rainfal values put forth by
governmehagencieswhich are eithe arithmett average or area weightel averages
are the right data for studyirg the naturd variability patterns Principd componenh
analyss stees clea of the® shortcomingsretainirg a the sane time the simplicity
of alinea systen analysis Thus, the first principd componenhcan representhe area
rainfall objectively, as the weight for the variows statiors are assignd by the daa
itseff in an optimd way. Again, in PCA a large numbe of station dat@ can be
simultaneous! handlel to accoumfor spatid variability, but invariabl thefinal numbe
of componert to be studial will be mud less than the totd numbe of stations The
classich powe spectrun analyss is a Fourie decomposition wheren the enery
containel a2 mary frequencis are found PCA can be though of as a generalizd
Fourie decompositia of arandan field. Even thoudh identification of aperiodicity
is nat directly possible the enery containe in differert componerg is extracte as
the eigenvalus of the covariane matrix. The preseh ca® study of Karnatala daa
demonstratethe application of PCA in understandig monthly and seasonlarainfal
variability. Figure 2 shows how the significan@ of eigenvalus can be systematicai
checkel to arrive at the numbe of principd componerg to be retainal for further
work. It is interestig to obsere tha not more than four componerd are requirel
to representhe rainfal over the size of a stak as large as Karnataka It may be
pointed ou hee tha ther is a popula misconcept tha unles the cumulative
percentag of varian@ explainel by the first few componerg in very high, say of the
orde of 90%, PCA isnat useful in rainfal studies Sud aview is, however unjustified
as shown by the presenstudy: In this context it isimportart to discriminae betwea
spatid connectios ard tempora variability. PCA formally represerg M-number of
given time series dai just as a linea combinatimm of anothe M-numbe of time
series But, the advantag lies in the fad tha sine the dat are neithe perfecty
spatiall correlatednor exacty uncorrelatedafte thefirst few terms the decompositia
loses its powe to discriminae the remaindefield from apurely randan (white noisg
field. Hene the terms within this cut-off limit shoud contan the tempora variability
characteristis valid for the complee station network althoud in a transforme
fashion The advantag of this is appareh when ore observs tha for Karnatala
SWM rainfall, the first eigenvecto explairs less than 50% of spati# variance but the
PC, ard the area rainfal are correlatel with p; =0-9805. Again, for the wes zone
this correlation coefficiert is consistenil very high as shown in table 8. Similarly, the

(1)
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secoml ard othe significart PCs are connectd to the arearainfal in regiors wheren
the correspondig eigenvecto elemens hawe the sane sign Thus tempora signab
tha may be preseh ove a large spatid regime would be carried ove into the first
few principd componen time series after automaticalf eliminatig wha may be
termed spatid noise This interpretatim al points out alimitation of PCA namely
that it is necessarto establi§ a clear-cu quantitatiwe relationshp betwea rainfal
and the PC5 before ore can effectively use this approachin this study due to spae
limitationsonly asimplerepresentatioof theyeas(figure 13), which givesanintuitive -
compariso betwea conceps like drough years normad yeas and flood yeas in
terms of the PCS is presentedHowever the simplke probabilities proposé hete for
above/belav averag transitiors are found to be significart and consistent

10. Summary and conclusin

Principd componeh analyss produce a decompositia of the dat field into spatid
eigenvectos and a tempora time series While EOF studies are quite comma in

meteorologich data analysis the usefulnes of the principd componenhtime series

inunderstandig temporavariability of rainfal has not receivel attention in the past

The presen investigatian is motivatel by the possibility tha the first few PCs may

contan valuabk information regardig the interseasonalintraseasorlaard annua
rainfall variability. The monthl rainfal dag of Karnatala spred ove 50 statiors
for a periad of 82 yeas shav tha PCA is a valuabk aid in gaining insigh into

temporad patterrs throudh transition probabilities of the first ard seconl principd

components For the Stak as a whole the rainfal variatiors in May, June July,

Septembeard Octobe are sequentiall related Transitiors of fluctuatiors from July

to Augud and agan to Septembeare purely due to chance The connections-betwee
the variability in the premonsoon, SWM and NEM rainfal are generaly attributabé
to chance excep for the connectio betwe@ the secoml principd componerd of the

SWM ard NEM data Again, the Karnatala SWM secon PC exhibits significart

interannudtransitions wherea the first PC shows no significart trend Howeve the

coheren wed zore seers to carry the interannué variation signd of the SWM in a
stronge manne sine even the first PC of the WZ dat shows a statisticaly significart

annua transition differert from chance The preliminay exercig for predictirg the

June-Jw transitimm in the five yeas 1981-& throuch an estimate transitin

probability has beea surprisingy successfulHowever further detailel analyss is

required to quantify predictabiliy of the PC5 as forecastal#d signak of impendirg

rainfall variations
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