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A 53 station southwsst monsoon precipitation record for all Jul~s,

1921-1960, is cube rooted, noreslised and subjected to an .igenv.ctor

analysis to resolve the spatial pattern of precipitation. The first

four .igsnvectors , accow*ting for I~1i% of the variance, best portray the

macrascals pattern of the July monsoon with an apparent einiu~~ oent

of interferenoe from local effsct.. r~
A method of reconstructing an approxiaat.e precipitation record

using either four or thirteen eigenvectors for the orthogonal base of

a regression scheme is discussed. The 1921 -1960 .igsnv.ctors appear to

be acceptable a. the orthonoresl base for years outside the data set.

Use of all thirteen eigenvsctors provides the better esti t~ of the

departurs pattern when otil.y a few station.e are missing from the data

set, while use of the first four sigenv.ctors produces better results

whin a s’gr’ificant fraction of the stations are missing from the data

set. The four eigecvector model (and to a lesser extant the thirteen

sigenveotor model) generates e.tlaates that are nearly as accurate for
the stations excluded from the regression as for those Included In the
regression equation. ~~
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Chapter 1 - Introduction

Section 1. 1 — Objective s

The vagaries of monsoon precipitation in the Indian subcontinent

at. a matter of co~~~n knowledge to both meteorologists and informed

laymen. Climaticall y induced shortages of grain crops have brought the

problmz of analyzing and predicting monsoon rainfall to the at tention

of specialists in all field., of meteorology .

(k~e of the obstacles for predictive models is the lack of a data

set of eu.fficient density in either time or space. Time series must

be sufficiently long to provide an initial data set for the dev.lo~~~at

of the model and enough subsequent da ta to permit verification of the

model. A complet. time series provides the most reliable bas. for

determining how specific sources of vari ation contribute to the total

variance of a quantit y . Also, ~silent areae (regions within the geo-

graphic dr~~ 4n of the ?redictive modal with little or no available

data) limit the model’ s effectiveness by limiting its spatial re solu-

tion .

The developaint of a model to provide approximate substitute

meteorological records is the prime objective of this study. The July

pre cipitation records of the Indian subcontinent were chosen as a test

case for the substitution model since the re sults involve a region for

which a predictive model is being prepared 1 and are based on records

of such great variability as to provide convincing proo f of the model’s

capabilities.

1 Th. predictive model is being prepared by the Food-Climate group
of the Institute for ~~viro~~~ntal Studies at the W~iversity of
Wisconsin-Madi son. The model involves foreca sts of agricultural
yields and involves pr ecipitation as only one of many inputs .

— — — — 
-- ~~~~~~~ ---. --~- — — -- - -— —
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An effioisnt partitioning of the variance of the July monsoon

pr ecipitation record s is the second objective of the study. The

variance is exenined through sigenvecto r analysis and the pr imary

eigenv.ctora were used as the orthogonal basis for the substitution

model. 

~~— -- ..- — - -- - - - -- p— ~~~~~~~~~ ~~~~~— - -— --i- — —
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Section 1.2 — Pre vious Ana lyses or the Monsoon Precipitation of India

(~ e of the fit -st systematic studies of the rainfall regimes of

Indi a was performed by H. F. Blanford (1889). This was the first d.—

scripti ve anal ysis of the changing pattern of rainfall over the subcon- .

tin.nt. Blaz*ford recognized that the variability of st~~~ r monsoon

precipitation about th , mean is greatest at those stations ther. the

mean precipitation is smallest , and noted that the rainfall regimsa

exhibited a dependence on the surface wind flows associated with the

vinter and st~~ er monsoon s (monsoon is from the ar abic mausta ,

meaning a time or a season, through the Middle Dutch aonssoen).

Slanford also instituted the practice of issuing forecasts of s~~~er

monsoon rainfall based on the t iming and accumulation of spring snow-

fall on the western Himalayas.

Frequent failures of early forecasts led 0. T. Walker (1923) to

examine the concept of correlating worldwide meteorological events to

s~.mer monsoon rainfall over India. Choosing rr om among thousands of

predictor—predictand equations tho3e which had the highest correlation

coefficients, Walker generated linear regression equations designed to

forecast suzmeer monsoon rainfall, a technique still used by the India

Meteorology Department, though the predictors and the corr elation Co-

efficients have varied widely over the years. Among the predictors

chosen by Walker and his successors have been the rainfall in Southern

Rhodesia and Java, South American pressure , and wind persistence at

Bangalore and Calcutta. Various investigators have since discovered

that seasonal precipitation in India yields higher correlation s with

world meteorological events when used as a predictor rather than as a

pre dictand; that is, the monsoon precipitation plays an act ive rathe r

— - 
~~~~~~~~~~~S - - — —
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than a passiv, role in world w ather teleconnection s (%ormand , 1953).

Nonetheless, the concept of isolat ing independent predictor , of monsoon

precipitation remains as an importan t con tribution to mon soon fore-

casting techniques.

More recent authors have had the advantage of davelopasnts in

statistical theo ry , digital computers and general advances in the field

of theoretical climatology. Subrak~ anyaa (1969 ) analyzed the climatic

regimes of India accord ing to the 19~~ water balance methodology of

Thorthwsite and determined that conside rable portions of the subcon-

tinent utilized for food production fall under Thorthwsite’ s dry

subhumidN classification . According to Subra}~ snysa, these areas

experience total annual precipitation that in the mean just equala the

water need , so even a slight departure f rom the mean results in a wide

fluctuation of the water balance. Droughts in these ar eas are more

comeon and more severe than in the other sections of the subcontin ent

and these reg ions could benefit the most fr om successful drought

forecasting.

Jagannathan (1973) studied the annual rainfall records of ~s8

stations in India having record length s of over 70 years to determ ine

If any significant trends or oscillations occurred. By applying the

Ma nn—Kendall rank statistic (whose significance test involves the

null. bypothesis that the time series is not diffe rent from a random

series), be found that only nine of the records exhibited an increasing

(linear or nonlinear) trend , while only two of the records exhibited a

decreasing (linear or nonlinear ) trend . These results are all signifi-

cant on the ~S level. After subjecting ifl ~8 series to a low pass

filter (nine ordinates of the Gaussian probability curve) to suppress

-; 
~— .___.j~.-.T.__• P--— - - 
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the high frequency oscillations and a power spectr~~ analysi s whose

significance was tested by a nul l hypothe sis using the red or white

noise spectrum, he foun d that twelve stations exhibited significant

(10% level or better) low frequency (greater than forty year.) oscilla-

tion s, eight exhibited a period of nearl y eleven years , and twelve

exhibite d a quasi—biennial oscillation (periods from 2.0 to 3.2 years).

Only three stat ion s (Madras , Jagdalpur and Stichar) exhibited both

cycles ( 11 year and QBO) .

Mooley (1 97 1) dete rmined that there was little diurnal, semimonthly

or monthly interdep endence in suniner rainfall over India, and that rain-

fall. in the first half of the sumer monsoon is independent of rainfall

during the second half . Thus, excess or deficit of rainfall in the

first half will not necessarily be balanced during the second half of

the se er monsoon season . Such lack of dependence also dictates the

failure of most predictive schemes based on the expectati on that the re

is some level of persistence in the data base .

Several authors have investigated the degree of variab ility of the

nonsoon climate . Rao (196S) and Jagannathan (1973) used a ‘coefficient

of variation ’ defined as the standard deviation expressed as a percentage

of the mean, and found annual values ranging from 9% in Asian to 1~9% in

Western Raj asth an . Similarly, Rao (1971) applied the Palmer Index

function to India and determined how often the rainfall record s indi-

cated drought conditions. While those sections of india (west coastal

India south of Bombay and northeastern India) that usually receive

rainfall in excess of agricultural and water table replsniskamsnt seldom

experience drought, other sections are plagued by drought up to 30% of

the time thwing the e~~~er monsoons .

- - S -- - - 
- - — , - S
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Several author s have attempted to explain th. great amount of

variance in the monsoon by utilizing the techniques of harmonic and

multivariate analysis. Lettau and White (i96~i) applied Fourier analysis

techniques to the annual cycle s of rainfall at 250 stations in India

aver aged over more than 50 years of observations . They’ found that the

first three (of six) harmonics accounted for over 90% of the total

variance, and that these three harmonics permitted a nearly complete

assesement- of the time and space development of th. southwestern mon-

soon. It was possible to objective ly study the onset date of the mon-

soon utilizing the phase angli of the harmonics to discover that the

‘peaking’ of the monsoon occurs almost simultaneously from th. west

coast of India through the central plains to the Tibetan P lateau. The

various rainfall regimes are well delineated by this technique which

separates regions with si~~ er maxima from areas with winter maxima and

areas experiencing double maxima from those experiencing a single annual

maximum.

Gangopedhyaya (1963) prepared a detailed study of five-day mean

sumer rainfall for a forty—year period for stations on the east and

vest coasts of India and discussed the characteristics of the patterns

based on fitted orthogonal polynomials of the fifth degree. He deter-.

mined th . monsoon to be a complex composite of varied forcing func-

tions , leading to the Inherent ‘pulsatory” nature of the rainfall. He

attributed this pulsatory nature to the passage of ‘easter ly jet

streams’ across the central parts of the Bay of Bengal , peninsular

India and the Arabian Sea.

While these harmonic analyses provide valuable objective statements

of the nature of the averaged month to month variations of the monsoon,

S — - - - .  - - -~~~~~~ ~~~~~~~~ -
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they do not provide any Insight into year to year variations. Use of

other analysis techniques that interpret the interannual variance are

required.

Jagannathan (1972) utilized eigenvect or analysis to determine the

orthogonal space fields of the monthly temperature patterns of peninsu-

lar India. These orthogonal fields represent the different pr.dr~ lT%a~tt

patterns of anomalies of temperature , with the first field (or pattern )

explaining a greater amount of variance than the second field, and so

on. Jagannathan determined that the first field accounted for as much

as 71.1% of the variance present in the temperature data base for June,

and only 26.7% of the August base. lie found large inter montb ly corre-

lations for the first pattern , suggesting the possible existence of a

c~~~on physical btsis in the pattern throughout the year.

This review suggests the need for a similar study of the year to

year variation in the precipitation of the monsoon . An objective

ana lysis of the precipitation departure patte rn s and their Int rannual

variability is a useful first step for developing a forecast technique.

Such an examination may aid in the development of theories of monsoon

mechan i s and the forecasting of the strength of these mechan i s.

- -- - ~ .__ a~~~~~~~~ ----- - ~ - - - - - - — ~~~~~~~~~~~~~~ ~~~~ - - —- -
~~
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~ha~ter 2 — Ana1yst~ and In terpretation of Data

section .1 — Estab i i slaent of data set

Station s for th. eigenv.ctor analysis progra m were restricted to

data archived on tape from the World Weathe r Record collection of

meteorological data (~~ ithsonian Miscellaneou s Collections , voliaes 79,

90 and 105, end the World Weather Records of the U. S. Department of

Co erc.) as compiled by the National Canter for Atmospheric Research.

All available precipitation data for the Indian Subcontinent, including

East and West Pakistan, India, the Laccadive and An’4 an Island., Sri

Lanka, and Burma, were examined to determine which time period of at

least thirty years had the most continuous precipitation records . The

precipitation records of Burma and the An~~~*n Islands were excluded

since no data was reported throughout the World War II era . A forty -

year period was chosen so that a significan t ount of the variability

of the southwest monsoon would be included in the sample in the hope

that tim calculated eigenvectors would also be valid for years outside

of the data set. The period 1921-1960 contained 53 stations with

nearly continuous records. The station s are listed in Table 2.1 and

their locations are shown in Figu re 2.1 . Figure 2.2 shows the general

adeinistrative subdivisions of the Indi an subcontinent.

In this data set of 2120 monthly precipitation valu es, 52 points

( about 2.5%) were missing from th. records. Since the eigenvector

analysis program would treat th, missing values as seroe s, appro-

priate substitutions were required. Ordinarily, a ten- or twenty —

year mean value is subst ituted , but it was thought this would not be

representative in a set of records as variable as these. Accordingly,

the da ta of 1921—1960 for the missing station and three neighbor ing

- — - —- - - — ~~~ - — S~~ ~~~~~~~~~~~~~ — ——S~~~ — -~~~ —
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Table 2.1.  Stations used in precipitation study. Mean and standard
deviation values listed are for the appropriat, cube root
values discussed in Section 2.2.

July average Standard deviation
cube root of July cube root

ID W.M.0. Elevations precipitation precipitation
number Station number (meters) (om~ .33) (om°.3)) 

—

1 Peshawar 41530 359 1.323 .591
2 Lahore 416140 2114 2.250 .1486
3 Simla 42083 2202 3.1437 .381
14 Quetta 1~1661 1673 1.120 .566
5 Kalat 41696 2017 1.220 .597
6 Ludhiana 42099 247 2.677 .1417

7 Mukteswar 4211~7 231 1 3. 11~2 .416
8 Bikaner 142165 2214 1.955 .613
9 Agra 142261 169 2.678 .465

10 Darjeuing 42295 2128 4.146

11 Dibrugar h 1423 12 106 3.71 1 .391
12 Kar achi 41 782 14 1.789 .795
13 Jodhpur 142339 2214 2.188 .542
14 Jaipur 42348 390 2.597 .438
15 Darbhanga 42391 49 3.120 .514
16 Dhubri 42404 35 3.457 .616
17 Oauhat i 42411 55 3.063 .355
18 Kota 42451 257 3.008 .552
19 Allahabad 42475 98 3.076 .1*1*4
20 Patha 42491 53 2.977 .358
21 Cherrapunji 42515 13 13 6.1140 .787
22 Shillong 42516 1500 3.257 .521
23 Dsltonganj 142587 1149 3.2141 .392
24 D~a%ka 42599 149 3.323 .351
25 Silchar 42619 29 3.746 .37 1
26 Sager 142671 551 3.519 .509
27 Dwarka 42731 11 2.505 .800
28 Indore 42754 567 3.068 .464

S - — — - -——  .— _ S____~~~~~~~~ ________S._.________•_ _•___S -—~~~ -S---~~~~~~.- - ~~~~~~~~~~ S 
~~~~~~ 

__
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Table 2.1 (continued)

July average Standard deviation
cube root of July cube root

ID W .M.0. Elevations preci6i~~tion precipitation
number Station number (meters) (on .“) (onO.33)

29 Calcutta 42807 6 3.139 .402
30 Nagpur 42867 310 3.3614 .362
31 Veraval 1.~2909 8 2.797 .779
32 Akola 42933 282 2.854 .416
33 Cuttack 42970 27 3.242 .409
34 JagdAlpur 143041 553 3.371 .437
35 Bombay 143057 11 14.016 .560
36 Poona - L~3063 559 2.5 17 .1~40
37 Begampet 1431 28 545 2.520 .324
38 Vishakh apet 43149 3 2.191 .397
39 Masulipatam 43185 3 2.601 .41 7
40 Belsaum 431 97 753 3.625 .416
41 Madras 43279 16 1 .947 .384
42 Mangalore 143283 22 14.692 .435
43 Bangalore 43295 921 2.187 .363
1*4 Amini 43311 Ii 2.535 .971
45 Kodaikanal 43339 2343 2.190 .403
46 Port Cochin 43351 3 3.819 .488
47 Pamban 143363 11 .990 .376
48 Minicoy 43369 2 2.763 .1*42
1~9 Trivandrum 43371 61* 2.731 .1181
50 Tri ncomalee 43418 7 1 .570 .603
51 CO1OSbO 431466 6 2.268 .63?
52 Nuwaraeliya 431473 1880 2.816 .473
53 Hambantota 43497 20 1 .492 .592

-
- 
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stations was rank ordered and ident ified by year . For the year of

missing data, th. rank in the neighboring three stations was determined.

The average rank identified a value in the orig inal , da ta deficient

station record. This value and the next largest and amaflest values

were averaged and the result used to substitute for the missing value .

During the data analysis, it was noted that the data listed for

Amini Divi in the Laccadive Islands for the period 19141— 1950 was in-

correctly labelled. While the data listed on page 788 of the 1 941—

1950 Collection of World Weather Records are actually given in inches

of precipitation , they were transferred with the same value. but the

units were listed as millimeters. The correct ed numbers were substi-

tuted into the data set for this analysis. 

- -S - - . - -  —
~~~~~~.-
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Section 2.2 • Normalization of Data Set

Since most statistical t,.t. of significance are based on the

pr emise that the tested saaple comes from a normal population, a

math ematical conversion was used to normalize the precipitation data

set. Mooley (1973), in an analysis of monthly rainfall record. of

India , showed that in 70% of the cases examined the cube root trans-

formati on led to nor malization , while the performance of the logarith-

mic transformation was poor. Also, the logaritla of zero is — ~~, so

the logarit~~ic transformation is rather awkward for reports of zero

precipitation. Either the zero pr ecipitation observation must be

replaced by a amall but finite amount, or the problem must be circ ia-

vented by substituting a value (usually 0.0) for the transformed value.

For same months zero precipitation is the moda.1 value, so use of the

lo’witkaic transformation would have been unsatisf actory.

A single station test was performed on the precipitation record

of Mangalore comparing the appropriate normal curve, based on the mean

and standard deviation , to the histograms of the measured precipita-

tion and the logarittaic and cube root transformation. The April ,

July, and October records were analyzed since these months represent

transition months and a typical monsoon month. Figure 2.3a, b, and c

shows the histograms for April , July, and October over which have been

superimposed the appropriate normal curves. Although no transforma-

tion is perfect, it appears that the cube root transformation produces

a more normal data set than does the logarittaic transformation.

A chi square test was applied to all nine ana lyses with the null

hypothesis that the observed distribution was not significantly

—— - - - - __________ - -— - - --  - r C — - - -- - - r ——



15

—

12

I0~

u~

I 
_ ____ ____ ____

PR ECIPITATION (CM)

~~
0

4 s

CUBE ROOT OF PRECIP.

z
8 —

L06 OF PRKCIP.
Figure 2.3a. Histogram and equivalent normal distribution

for measured and transformed April precipi—
tatton values, 1921—1960.

- - ______________

~~~~

-S __ _• _ _~~~~~~~~~~~~~~~ S__ ~~~ ~~~~~~~~~~-—  *— — —~~~~~~ - - -~~~~~~~~ -—



16

2

10

S

30 60 90 120 130 150
PRECIPITATI ON (CM)

U
u 10 -

°

~~~~~~~~~~~~ 4 S .  
N

3.6 4D 4.5 3.0 5.5 6.0

CU BE ROOT OF PR(CIP.

12 —

10 —

1.70 2.00 2.30
LO G OP PRECIR

Figure 2.3b . Same as 2.3a for .~Ju 1921— 1960 .

-._____________ - ~~~~~~~~~~~~~~~~~~~ - -~~~~~~~~~~~~~~~~~~ —~~ _ •
~~~

•__
F ~~~~~~~~~~~~~ 

- 

—-



17

p

$0 -

‘5 S —

10 20 30 40 50U PRECIPI TATION (CM)
U

0

8 ——

0 4 / _  

w L9 2.4 2.9 &4 &9
CUBE ROOT OP PRECIP.

2 

S

~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~

08 1.0 L2 L4 1.6
LOG OF PRICIR

Figure 2.3c. Same as 2.3* for October 1921—1960,

p 
________________________________________________ _______ 

______-S. — — — ________ — — 

— ___________



18

different tram the normal distribution. Tb. results are tabulated in

Teble 2.2.  Tb. chi square value for each of the three months was

smallest for the cube root tr ansformation , and the probability of

obtaining the sample chi square from a normal population for the April ,

July and October samples was greater than 95%, 95%, and 70%. The data

set was transformed to cube root values for all further calculations.

Through the rest of this study, the word atransfor medu indicates the

appropriate cube root value .

Table 2.2. (~ i square significance test. Significance level exceeded
by- each distribution based on null hypothesis that the
observe d distribution was not significantly different from
the normal distri bution .

S Significance level exceeded

Measured Cube root Logaritlaic
Month precipitation transformation tran sformation

April .50 .95 .70

July .90 .95 .60

October .20 .70 .30

- - S~~S~ - — -* — —-— — S• - - -- - - —~~~~~~ .- __. —— SS. ~~~~~~-S-S
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Section 2 .3  — Fourier Analysis of a Single Station ’s Transformed D*ta

The 1921— 1960 July transformed precipitation record for Madras was

Fourier analysed to identify any dominant frequencies in the time series.

Figure 2.li shows the time series of the transformed data which shows

large annual fluctuations and few apparent trends. Figure 2.5 shows the

line spectrum of the twenty components of the harmonic analysis. $o

attempt was made to determine the significance of the components. (~ ly
the harmonic for .3 cycles per year (twelve cycles per forty years)

app ears to have a considerably greater amplitude than the others. There

is little evidence for an eleven—year cycle, and the components asso-

ciated with a possible QBO are no greater than at least four other har—

monics of the set.

As shown in Table 2.3, Fourier analysis required fourteen harmonics

( 70% of the possible harmonics) to explain 80% of the variance. There

seems to be little chance of identifying the rainfall pattern with a

dominant harmonic.

_ _ _ _  --S - - - - -________ - r___S_~~~~_~~~~ _ 4
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Table 2.3. 9esults of Fourier analysis of Madras precipitat ion data.

Varian~g explained Cumulative explained
Harmonic Amplitude by ~I Harmonic (%) variance (%)

1 0.196 12.6 12.6
2 0.100 3.3 15.9
3 0.081 2.2 18.1
14 0.107 3.8 21.9
5 0.067 1 . 5  23.14

6 0.111 14.0 27.14
7 0.112 14.1 31.5
8 0.163 8.8 140.3

9 0.007 0.0 140.3

10 0.111 14.1 1414.14
11 0.128 5.14 149.8
12 0.273 214.6 7 1 4 1 4
13 0.100 3.3 77.7
1i.i 0.160 8.14 86.1
15 0.1114 14.3 90.14
16 0.027 0.2 90.6
17 0.158 8.3 98.9
16 0.0142 0.5 99.14
19 0.028 0.3 99.7
20 0.028 0.3 100.0
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Section 2. 14 — Eigenvector Analysis of Spatial Distribution of
Precipitation

For those readers who have not previously encoun tere d eigenvector

analysis , a qual itative discussion of the physical mean ing of eigen—

vectors is included, in Appendix 1.

The transformed records for each station were norm alised by

dividing the transformed value minus the tr ansfo rm ed mean by the

forty—year transformed standard deviation for that station , so the

varia nce for each of the 53 stations equalled 1.0 and the total vari-

ance equalled 53. The data forms a 53 station by 140 year matrix

whose correlation matrix has 53 rows and col~~ is. Ligenvalues, eigen-

vectors , and coefficients of the elgenvectors were computed following

the method of Kutzbac h (1967) . The components of the first twenty—

two aigenvector e and their coefficients for the years 1921 — 1 960 are

tabulated in Appendix II. For computational efficiency, the 53 by- 53

matrix was tr ansforme d to a 140 by 140 matrix for the eigenvector calcu-

lations following the method of Hirose and Kutzbac h (1969) . The 140—

component eigenvectors were then transformed into 53—component .1gm —

vectors and it is these eigenvectors of the spatial patterns of trans-

formed prec ipitation that will now be described.

Table 2.14 lists the eigenvalues and percent explained variance

for the firs t twenty .ig.nvectors. The first eigenvecto r explains 17%

of the variance; the first six elgenvectors explain over 50% of the

variance; the first twenty eigenvectors ( 50% of the total orthogonal

set) expla in over 90% of the variance. Table 2. shows the total

number of eigsnvectors required to explaIn 80% of the variance con-

tained in the transformed July precipi tation records for each of the

stati ons (the stations are identified by n~~~er) .

-- --- —--~~~~ — -—-- - - - -  - - S  - - - - -------— ~. -- - —— - -— -~~ 
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Table 2.14. Tabulation of elgenvalues, percent explained variance and
cumulative percen t explained variance for first 20 eig.n—
vectors of transformed precipitation data.

~xpla1ned Cumulative explained
gigenvector Eigenvslue variance (%) variance (%)

1 9.00 17.0 17.0
2 6.33 11.9 28.9
3 14.16 7.9 36.8
14 3.65 6.9 143.7
5 2.76 5.2 148.9

6 2.55 14.8 53.7
7 2.26 14.3 58.0
8 2.15 14.1 62.1
9 1.97 3.7 65.8
10 1 .63 3.14 69.2
11 1.51 3.1 72.3
12 1.39 2.9 75.2

13 1.20 2.6 77.8
114 1.1 14 2.3 80.1
15 1.06 2.2 82.3
16 0.90 2.0 814.3
17 0.83 1.7 66.0
1 8 0.73 1.5 87.5
19 0.69 1 .1.i 88.9
20 0.614 1.3 9 0 2

- - - -S S S_ S —~~~~- —5-.- ~~~- — - S - -
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Table 2.5. Total number of eigenvectors required to explain 80% of
the variance contained in the transformed July prec Ipita-
tion records (1921—1960) for each of the stations (for
station identity, see Table 2.1).

Number of
eigenvectors Station s

7 21 , 1.~9
8 —

9 146
10 5, 114, 32, 143
1 1 14, 16 , 35, 36, 51
12 3, 30, 145
13 1 , 25, 26, 31 , 147, 53
114 9, 12 , 13, 18 , 27, 38, 1.~o, 142, 148, 52
15 2, 6, 11 , 23, 214, 39
16 8, 15, 17 , 22, 28, 29, 33
17 lii , 1414, 50
18 19,314
19 10
20 7, 37
21 20

S — - — —— - —  - - —~~~~~~~~ - - - -S~SS 5__ _ 
_____ ~~~~~— — -- - 4 — —
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If the spatial distr ibution of variance were entirely random, each

of the eigenvector ~ could be expected to explain an equal percentage of

th. variance . For fort y eigenvectors , this would be 2.5% of the vari-

ance . Since the final 27 eigenvectors each explain less than 2.5% of

the variance, they are considered to carry too little information to

warran t further investigation. The remaining thirteen eigenvectors

(which together explain 78~ of the variance ) and the time series of

their coefficients are shown in Figures 2.6a through 2.~~.

Eigenvector s one thro ugh four explain 1414% of the total variance.

All four pattern s are characterized by large, coherent departure areas

separated by distinct, strong gradients. This implies that these

regions have distinctl y different rainfall regimes, and when one area

is experiencing drought, a neighboring region may be experiencing

floods. Proof that this is the case in India is borne out by the

historical records of floods and famine as well as rainfall departure

maps for individual years.

Positive and negative precipitation departures (eig.nvector com-

ponent values) alternate In the north-south direction in eigenvectors

1 and 14 (which explain 2Li% of the variance ) and in the east—west direc-

tion In eigenvectors 2 and 3 (which explain 20% of the var iance). This

gives some credence to th . belief that the northward or southward dis-

placement of the monsoon trough is a slightly more important factor in

the monsoon precipitation than is its eastward or westward position.

However, since many meteorologi cal factors are involved and the dif-

ference is slight , more evidence is certainly required.

£igenvector I shows three distinct region s of precipitation de-

partures . This ‘most preferred pattern of variability ’ indicates

-7--— -- — - - - - -  — - .  - - -_ _ _____%. — -S — - —-S —-S - -—-S —? ~~~~~~
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negative components from Assam through Bihar into Punj ab province

(region A in Figure 2.6*) , and in the southeastern peninsular region

(Andhra , Mysore, Kera la and Madras provinces) includ ihg the Laccadive

Islan ds and Sri Lanka (B in FIgure 2.6*) . PosItiv e components are

associate d with the statIons of northwestern India and West Pakistan

(C in Figure 2.6*). The eigenvector coefficients show that this

pattern was evident in 18 of the 1iO years in the record, and was

strongly present in 1932, 19142, 191414, and 1956. The negative of this

pattern was evident in the remaining 22 years of the 140-year record

and was strong ly present in 19214, 1936, 1 9147, 1955, and 1960. It is

particularly interesting to note that the two extreme coefficients

occurred in consecutive years (1955 and 1956) , which is continuing

evidence of the highly variable nature of the precip Itation patterns.

Zigenvector 14 also shows precipitation departures that alternate

in the north-south direction , but in contrast to the positioning of

the departures In eigenvector 1 , the dominant positive zone rw~s from

Bombay through Calcutta (A in ?igure 2.64) with a small positive region

in extreme southern India and southern Sri Lanka (B in Figure 2.64).

This pattern was most evident in 1923, 1932 , 19141, and 1951 while its

negative image was most evident in 1936 and 1 956. Zigenvector 3 also

has a dominant positive zone (A in Figure 2.6c ) from Kastnir through

Orless, with a meall positive region (B in Figure 2.64) along the west

coast, mostly in Keral Province. This pattern was most evident in

1 925 , 1929, and 19142, while its negative Image was most evident In

1921 , 1931 , and 19514.

Kigenvector 2 ihows primarily negative precipitation departures

along the east coast, and positive departure s along the west coast

_ _ _ _  _ _ _  _ _  — -S—-- ——  -S1
~~ 
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and through the north central region of the country with the exception

of a narrow negative zone in the Northe rn Province (A in Figure 2.6b).

Ligenvector 2 was most evident in 1923, 1 9214, 1 937, 1953, and 1959

while its negative Image was most evident in 1930 , 1 9314, 19141 , 19147,

1 952 , and 1956 .

The patterns for eigenvector five through thirteen are more complex

than th. four previous patterns and offer no discernible physical inte r-

preta tion, due to a blendin g of the local effects and the remaining

macroacale patt erns. The local effects may represent the adjustmen t

of the macroscale circulation pattern to micro or mesoscale geomorphic

f.atu r.s, or they may only be nonrepresentative values of a certain

station ’s record. In either case , the presence of the local effects

masks the macroacale pattern represented by the eigenvector. Thus ,

altho ugh elgenve ctors one through thirteen present some of the macro-

scale pattern of transfor med precipitation , eigenvectors one throu gh

four appear most likely to do so without much interference of local

effects.

As an indicator of years with extreme precipitation, the n~aber

of sta tions from the 53—station network reporting July precipitation

greater that one tr ansforme d deviation above or below the transformed

mean were counted for each year during the 1921~ 1960 period. Since

these conditions are exceeded only 32% of the time, the magnitude of

the nomber of station s reporting this departure from normal precipita-

tion is interpreted as a measure of severity for agricultural purposes,

since it is likely that grain production would be greatly affected by

this much excess or deficit rainf all. The results are graphed in

Figure 2.7. The years 1923, 1921i, t937, t 95.3, and 19 9  showed unusually

-5- - _ __ - S,—  - — - -— - 5 - - —-S— --•~~~~~ .--— . - _ S _ S __ __
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Figure 2.7. Nunber of stations reporting excess or deficit of rainfall
exceeding one transformed standard deviation from the
transformed mean. Stations reporting excess are plotted
in (a), stations reporting deficit are plotted in (b).
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high numbers of stations reporting excessive precipitation , while 1930 ,

1 9141, and 1955 shoved an - unusually high number of station s reporting

deficient rainfall. These were years for which the eigenvector co-

efficients for eigenvecto r 2 had high and low values respectively. The

correlation between the eigenvector coefficients and the number of st.a-

tions with extre mely high precipitation minus the number of stations

with extremely low precipitation was .66 W1IICII indicates that at least

1414% of the variance of the number of stations with extreme precipita-

tion can be accounted for by the coefficient of the second eigenvector.

A similar correlation with the eigenvect or coefficients for eigen—

vectors 1 , 3 and Ii produced correlation coefficients of -0.06, —O. 31i,

and —0.31 (0.3%, 11% and 9% of the variance ) respectively . Thus it

appears that the second elgenvector best portrays the variance pattern

that occurs when the monsoon rains are unusually strong for many

regions , while its negative image occurs when the monsoon rains are

unusually weak.
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Chapter 3 - £xploratol7 Analysis of a Method for the Reconstruction
of Approximate Precipitation Records

Section 3.1 — Evolution of Model

The computed eigenvectors analyzed in section 2.1.i provide a partial

representation of all the transfonned precipitation departures for the

years 1921-1960 . The total departure for any station will be the linear

combination of the components of all forty eigenvectors and the coeff i—

d ents of each elgenvector , but the departure can be approximated by

truncating thi s series. Since the eigenvector s are orthogonal, the

coefficients could be determined from a multiple linear regression be-

tween the known departures and eigenvector s. Within the data set , these

coefficients will be nearly identical to those computed as part of the

eigenvector analysis ( they would be exactly identical if al] 140 eigen—

vectors were used instead of the truncated series).

Of the 53 statIons whose records for 1921— 1960 were either complete

or nearly so, only 140 have nearly continuous records to 1891 , 30 to

1870 , and 10 to 1856. The missing da ta for these years can be approxi-

mated fr om the rep orted data so long as we assume that the components

for each eigenvector for each station remains the same as that found

for the period 1921—1960 ; that is, we assume that the eigenvector

patterns do not change with time. The known departures can be expressed

as a linear combination of N known eigenvectors ,

leti Dr a the normalized departure for the 1th station for the year aa

~ the coefficient for the 1th eigenvector for the year am

e the component of the 1th eigenvecto r at the ~th station

then Dr — C~’. E~4 
+ C~~. E2 i  + ... + ~~~ ~~~~
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The coefficients C can be obtained from the multiple linear regression

between the known departures D and known eigenvector components E.

These coefficients can be used to calculate departures for any station ,

as long as the eigenvector components are known for that station from

the original forty—year data analysis, by taking the coefficien t times

the component for that station , suzmned over all of the eigenvector s .

Thi s model must be evaluated for a number of years to check several

different assumpti ons. The assumption that the eigenvect or patterns do

not change with time can be assessed indirectly by determining if the

accuracy of the model seriously deteriorates with time. The sensi-

tivity of the model to the number of elgenvectors used In the regres-

sion can be evaluated by conpar ing the results ~btathed for a single

year when mo re or fewer eigenvectors are used in the regression . The

sensitivity of the model to the number of stations used in the regres-

sion can be foun d by comparing the model output for progressively

fewer stations within a single year.

It sunist be remembered that with the limited number of eigenve ctors ,

the model will be able to explain only a portion of the variance of the

data set. Even within the orIginal 140—year ana lysis period , the set

of 1 3 eigenvectors explained only 78% of the variance. Since the eigen—

vectors are expected to identify generalized rather than localized

patterns of variability, the model will seldom reconstruct the extreme

maxima and minima of a given year ’s departures. At best , it will pro-

vide a record of general trends for years in which no better estimate

is available.

- 5 - - - ---- - -- .  - -5- — - 
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Section 3.2 — Model Verification within the Data Set for Reduced Numbers
of Stations

The sensitivi ty of the model to the num ber of stations included In

the regression was first tested within the original data set by ana-

lyzing the data for 1921 • The observed normalized departure pattern

using the transformed precipitation data for 1921 is shown in Figure 3.1.

July precipitation was deficient over much of the subcontinent except

for most of Andhra and Madras Provinces , northern Assam Province , the

Bombay—Poona area , and Sri Lanka. The largest departures were —2.37 a

(12. 3 om) at Sagar (A in Figure 3.1) and 2.02a (20.2 cm) at Madras

(B in FIgure 3.1). A narrow zone of excess rainfall (C in Figure 3.1)

extended from Lahore through Bikaner.

The first thirteen eigenvectors discussed In Section 2.14 were

used as the truncated orthonorm al base for the regression. Stations

were selected for inclusion in the regression on the basis of length

of record . Calculations were performed using 52, 30 and 20 stations

in the regression . Locations of the stations used in each regression

are shown in Figure 2 • 1.

The substitute coefficients obtained by regressing the departures

at 52 station s against the eigenvectors were nearly identical to the

eigenvector coefficients from the original computation ——none deviated

from the original by more than .1%. Eigenvectors 3 and 7 were the

dominant patterns. The departures calculated from combination s of

the coefficients and eigenvectors are shown in Figure 3 • 2 • Since the

substitute and original coefficients are identical, the figure shows

both the pattern of departures generated by the original analysis and

the pattern generated by the substitution model. The reconstructed

pattern is quite similar to the observed departure pattern . The

5~~~~~~~~5 _ _
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Fig. 3.1. Normalized departures Fig. 3.2. July 1921 departures
of transformed values of measured computed from the substit ution
precipitation for Jul y 1921 . model using 13 eigenvector s and

53 stations in the regression
equation .
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Fig. 3.3. J uly 1921 departures Fig. 3.14. July 1921 departures
computed from the substitutio n computed from the substitution
model using 13 sigenvectors and model using 13 eigenvectors and
30 stations in the regression 20 stations in the regression
equation . equation.
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correlation between the observed and reconstructed records is + 0.89.

The deficit of rainfall is reconstructed in the correct areas with

the exception of the northwestern region . The small core of extreme

deficit over Sagar (A) is recaptured. The mnall positive zone which

appears in Assam, Andhra and Madras Province (B) and Sri Lanka is also

present in the model. The narrow zone of positive departures at Lahore

through Bikaner (C) is apparent, in good contrast to the adjacent

negative zone .

Figure 3.3 shows the departure pattern calculated by regressing

the 1921 transformed departures of the 30 oldest stations of the data

set against the eigenvectors. The general appearance is similar to

the results using 53 stations in the regression. The correlation

between the two patterns ( correlating all S3 stations, including the

23 not included In the 30—station regression) is + 0.87. A third

regression using the 20 oldest stations produced the pattern shown

in Figure 3.14 which has a correlation of + 0.814 (all 53 stations

included In the correlation) with the 53—station model. The extreme

appear to have too much emphasis, but the overall departure pattern

is still acceptable.

Within the data set , the substitution model produces departure

patterns that are quite similar when as few as 20 stations are used

in the regression.

-- - - 5  -~~~~ 5- ~~~~~~~5 - *5 5 .  -- 
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SectIon 3.3 - Model Performance Outside the Data Set for a Reduced
Number of Stations and Reduced Set of Base L~genvectors

The year 1920 was chosen as the first test of the substitution

model outside the primary data set (1921—1960) since the pattern of

variability was expected to be similar to that analyzed in the original

forty—year record. The eigenvectors from the forty—year record should

be nearly identical to those which would have been obtained from an

analysis of the forty— one year record including 1920 . No comparison

can be made between elgenvect.or coefficients as was done for 1921 , but

comparisons can be made between the observed and computed departure

patte rn s when 52, 30, and 20 stations are used in the regre ssion for

the substitution model .

The normalized departure pattern of the transformed precipitation

data for 1920 is shown in Figure 3.5. (The letter “M” appears in

Figures 3.5, 3. 12 and 3.16 to Indicate stations not reporting July

precipitation values for 1920, 1910 , and 1899, respectively.) A small

but intense zone of excess precipitation extends through Orissa, east,

central and western Bihar and Northern Provinces with a maxim~w~ of

14.39a (122 .2  cm) at Daltonganj. Most of the remainder of the subcon-

tinent experienced a deficit of rainfall, with minima at Silchar

(—2.22 0 equal to 25.0 an), Vishakhapatham (—2.59a equal to 1.6 cm) ,

i3angalore (—2.37a equal to 2.3 an) and Akola (—2.16 a equal to 6 an).

Figure 3.6 shows the departure pattern derived from the substi-

tute coefficients obtained by using 52 station s in the regression.

gigenvectors 3 and li were the dominant patterns. The departure pattern

correlat es well with the observed departures——the correlation coeff I—

cient is + 0.76. Although the extreme values are not reconstructed by

the substitution model , the general trends are qui te evident.
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Fig. 3.5. Normalihed departures Fig. 3.6. July 1920 departures
f or transformed values of measured computed from the substitution
precipitation for July 1920. model using 13 eigenvectors and

52 stations in the regression
equation.
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Fig. 3.7. J uly 1920 departures FIg. 3.8. July 1920 departures
computed from the substitution computed from the substituti on
model using 13 eigenvector s and model using 13 eigenvectors and
30 stations in the regression 20 stations in the regression
equation . equation .
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Figu re 3.7 shows the departure pattern computed from the substitution

model usIng 30 stations in the regression . The general trends estab-

lished In the observed departure pattern are recreated in most sec-

tions , although the substitution model creates a zone of extreme values

through the central peninsular region (A in Figure 3.7) that is not

found in the observed departures. The correlation for the 30 stations

included In the regression with the 52—station regression model was

+ 0.93. The correlation for the 22 stations not included In the re-

gression was + 0.80. As expected, the correlation is slightly lower

for the stations not included in the regression.

The departure pattern computed from the model using 20 stations

in the regression is shown in Figure 3.8. Although the general pattern

Is correct, the model has begun to create serious discrepancies from

the observed departur e pattern . Sign reversal s have occurred at Dumka

(A in FIgure 3.8) and Cuttack (B in Figure 3.8) that almost completely

mask the positive departure that should be observed at the coast.

Another sign reversal at Akola (C in FIgure 3.8) creates a false posi-

tive zone In the midst of the observed negative departure. As in the

1921 case , several of the extreme values exceed the observed values,

which is a reversal of the expected effect of eigenvectors to model

the trends but reduce the amplitude of the variation . The cor relation

for the 20 stations included in the regression with the 52—station

regression model was + 0.78. The correlation for the 32 stations not

include d in the regression was + 0.140. The use of the 20—station

regression appears to create substitute records of sub stantial ly lower

accuracy than do the 30— or 52—station regression models.

-5 - — - -- 5 - - - 5 - - — - - - .
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Th, sen sitivity of the model to the number of elgenvect ora used

as the orthogonal base of the regression was tested by rerunning the

‘-2 , 30, and 20 station models using only the first four cigenvectors.

As discussed in Section 2.14, these eigenvectors seem to represent the

macroscale precipitation patterns wi thout much interference of local

effects.

Figure 3.9 shows the departure pattern for the four eigenvector—

52 station regression model. The four eigenvector model creates a

false positive zone (A in FIgure 3.9) towards the northeast from the

west coast while the thirteen elgenvector model does not. Additionally,

the thirteen eigenvector model reconstructs the extrema more closely

than the four eig.nvector model. The correlation between the actual

transformed departures and the four eigenvector— 52 station model

departures is .61, compared to the value of .76 for the thirteen

eigenvector model.

Figure 3. 10 shows the departure pattern for the four eigenvector—

30 station regression model. This model is more like the actual

departure pattern than the four eigenvector—52 station model , and it

is not much different from the thirteen eigenvecto r—30 station model.

Th correlation for the 30 stations included In the regression with

the four eigenvector—52 station regression was + 0.89. The correla—

tion for the 22 stations not included in the regression was + 0.83.

Figure 3.11 shows the departure pattern for the four eigenvector—

20 station model. Its replication of the actual transformed departure

pattern appears to be much better than the thirteen eigenvector - 20

station model since the correct sign has been preserved at more sta-

tion s and the extr ems have not been exaggerated. The correlation for 
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Fig. 3.9e July 1920 depa rture s
computed from the substitution
model using It eigenvectors and
52 stations in the regression
equation,

. .

Pig. 3.10. July 1920 departures Fig. 3 . 11.  July 1920 departurescomputed from the substitu tion computed from the substitutionmodel using L& eigertvectors and model usin g 14 eigenvectors and30 statIons in the regression 20 statio ns in the regressionequation • equation .
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the 20 statIon included In the regression with the four eigenvector—

- ‘  ~tat ion model was + 0.714. The correlation for the 32 statIon s not

Inclu ded In the regression was + 0.814.

In Table 3.1 the results of both the four and thirteen eigenvector

substitution model are contrasted to the actual measured precipitation

for each of the twenty—two stations not used in the thirty—station

regression equation.

Nodel departures were also calculated for 1910. FIgure 3.12 shows

the observed pattern with negative departures dominating the west coast

and extending northward into West Pakistan, and positive departures

app arent along the east coast extending into Punj ab Province. There

were still 52 stations reporting precipitation in 1910 from the origi-

nal 51-~tation set. With all 52 station s used in the regression , the

substitution model reconstructed a sub stantia l amount of the original

departure pattern. The substitution pattern is shown in Figure 3.13.

The correlation between the patterns is .75. Ligenvectors 1 and B are

the dominant patterns. The zones of gre atest excess and deficit are

well modelled , al though the magnitudes were reduced , as expected. It

appears that the eigenvector patterns are enough like the variance

contained in the data for 1910 to allow a substantial reconstruction

of the departure pattern.

The departure patterns for 1910 computed from the substitution

model using 30 and 20 station s in the regression are shown in Figures

3 , 1 14 and 3,15. The 30-statio n mode]. creates negative and positive

areas similar to those of the 52—station model. However, there are a

few major discrepancies in individual values . In contrast to this ,

the 20-station model has n*aeroua discrepancies for Individual stations

_____________________ __ ,.- —
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Table 3.1. Comparison of model output to actual precipitation (July
1920 ) for stations not used in the 30—station regression
equation . The transformed normalized departures from the
30—station regression model have been converted to actual
values by using the transformed mean and stand*rd deviation
of each station as listed in Table 2.1.

Model output
Measured Thirteen Four

precipitation elgenvector eigenvector
N~mtber Station (cm ) model (cm) model (cm )

Li Quetta 0.0 0.1 0.0

5 Kalat 0.2 0.3 0.0

8 Bikaner 114.2 7.1 1.7
15 Darbhanga 25.1 25.6 1414.3
16 Dhubri 21.7 17.3 11~.9
21 Cherrapunji 127.9 1141.9 172.1

214 Dunks 56,9 28.2 145.0
28 Indore 50.9 214,0 214.1
148 Minicoy 13.14 17.5 18.0

50 ?rincomslee 0.2 0,2 0.3

7 Muktsswar 33.14 28.8 25.1

11 Dibrugarh 143.7 59,14 68.3
13 Jodhpur 6.7 14.9 3.14
16 Kota 31.8 27.5 13.5
23 Daltonganj 122.0 67.0 57.0
27 Dwarka 6.6 7.1 1,0

31 Yeraval 10.3 3.8 0.14
37 Begmspet 114.9 7.7 12.9
lilt Amini 18.1 3.2 15.14
145 Kodaikanal 8.2 14,14 6.7
147 Pamban 0.1 1.0 0.1
314 Jagdalpur 26.7 52.3 26.9
53 H bantota 0.0 3 ,3  2 8
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Fig. 3.12. Normalized departures Fig. 3.13. July 1910 departures
of tra nsforme d values of measured computed from the substitution
precipitation for July 1910. model using 13 eigenvectors and

52 stations in the regression
equation .
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Fig. 3.1l~. July 1910 departures Fig. 3.15. J uly 1910 departures
computed from the substitution computed from the substitution
model using 13 elgenvector s and model using 13 eigenvectora and
30 station s in the regression 20 stations in the regression
equation, equation
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and several significan t sign chan ges, especially along the south-

easte rn coast (A in FIgure 3. 12) that diminish the value of the 13

elgenvector—2 0 station model for creating substitute records.

Analysis of the transformed departure patterns calculated from

the model for 1920 and 1910 lead to several tentative conclusions con-

cernIng the substitution model. First, the model results do not de-

grade as a function of time, so the use of the 1921—1 960 eigenvectors

as an orthogonal base for the regression appear s to be acceptable.

Second, use of all thirteen eigenvectors provides the better estimate

of the departure pattern when only a few stations are missing from the

data set, while use of the first four eigenvectors produce better

results when a significant function (22 or 32 out of 52) of the sta-

tion s are missing from the data set . Third, the f our .igenvector

model (sn d to a lesser extent the thirteen eigenvector model) pro-

duces estimates that are nearly as accurate for the stations exclude d

from the regression as for those Included in the re gression equation .
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Section J.li - Substitution Model for a Severe Drought Year

To check the model performance for a year wi th unusually large

deviations , the departure pattern for 1899 was analyzed and recon-

structed. As can be seen if Figure 3.16, July 1899 was a period of

considerable drought through most of the subcontinent with the excep-

tion of a narrow zone of excess rainfall from Calcutta (A in Figure

3.13) to Muk t swar ( B in Figure 3.1 3). With 14? stations reporting,

seven reported negative departures exceeding —3a .

The departure pattern calculated by using it? stations on the

regression Is shown in Figure 3. 17.  Ligenvectors 3 and 2 were the

dominant patterns. The overall anomaly pattern agrees very well with

the observed departures; for the seven stations reporting departures

more negative than -3a, the model calculated values rang ing from

-1 .8a to —2.660. It appears that the model is able to reconstruct

severe drought years with sufficient accurac y even twenty years out-

side the original data set.
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Fig. 3.16. Normalize d departures
of tr ansformed values of measured
precipitation for July 1699.

. e

Fig. 3.17. Ju ly 1899 departure s
computed from the substitution
model using 13 eig.nvect ors and
Li? stations in the regres sion
equation .
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Chapter Li - Conclusions

Section 14.1 — Results of this Study

The transformation of monsoon precipitation by the cube root

function appears to provide the most nearl y normalized data set , as

compared to the original observations or the data transformed by the

logarithmic function . Using normalized, cube root values of July pre-

cipitation , elgenvector analysis of 53 stations for the period 1921—

1960 indicates that 13 out of a possible ItO eigenvectors account for

78~ of the variance . The first four elgenvectors (accoun ting for 1414%

of the variance ) best portray the macroscale precipitation of the July

monsoon wi thout interference of local effects.

A method of reconstructing an approximate precipitation record

for stations missing data during years outside of the original data

set is also di cussed. Using either the first four or all thirteen

eigenvectors as a linearly independent data base, the observed, nor-

malized departures for stations which did report for the year in ques-

tion are regressed against the eigenvector components of those stations

in order to determine coefficients for each elgenvector for that year.

These coefficients can then be used to generate a precipita tion value

for the missing stations , if eigenve ctor components are available for

those stations from the original data analysis.

Substitute departure patterns of the transformed precipitation data

were calculated for 1921 , 1920, 1910, and 1899. Since the model results

do not degrade as a function of time, the use of the 1921— 1960 eigen—

vectors as an orthogonal base for the regression appears to be accept-

able . Use of all thirteen eigenvect ors provides the better estimate of

the departure pattern when only a few stations are missing from the data
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set , while use of the first four elgenvectors pro duce better results

when a sj~ iificant fraction (22 or 32 out of 52) of the stations are

missjn~ f rom the data set. The four eigenve ctor model (and to a

lesser extent the thirteen elgenvector model) produces estimates that

are nearly as accurate for the stations excluded from the regression

as for those included in the regression equation.
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~~ct1on Li. — Recommendation s for Future kesear~’h

Addi tion& utud les are needed t,o determine if the elgenvecto r

patterns remain con stan t over both time and space. The success of the

~ubstitut 1on model for years outside of the original data set would

suggest that this is a reasonable assumption, but more detailed com-

parisons should be made . In particular , the comparison between the two

twenty—year periods of 193 1— 1950 and 1951—1970 would be especially

interesting in view of the change in temperature trend which occurred

around 1950. Also, the patterns from a series of eigenvector analyses

based on increasin g spatial resolution should be compar ed to deter-

mine if the eigenvector pattern changes significantly.

The highly variable monsoon precipitation of the Indian subcon-

tinent was deliberately chosen as a test case for the substitution

model. Since the model proved satisfactory in the test case , Its

accuracy should be checked in other geographic settings and for other

meteorological parameters such as temperature and pressure. Also, the

model should be verified on other even more variable months for the

Indian subcontinent, such as the transition months of April and October

or a northeast monsoon month such as January . To insure that m di...

vidual storms during the July records did not overly bias the variance

of the entire set, the total precipitation for July and August could

also be analyzed, since this rough smoothing would eliminate the effect

of many purely localized components .
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4ppendix I — Meteorological Applications of Variance Analysis

Orthogonal functions provide an efficient means of partitioning

the total variance of a data set. The advantage of using orthogon al

functions stems from the fact that the correlation between any two of

the functions is exactly zero , so no orthogonal function can be a

linear combination of any of the other orthogonal functions. Once the

variance , expressed as a time series of normalized departures from the

mean , has been characterized by a minimum number of orthogonal func-

tions, the amoun t of variance explained by each function uan be com-

pare d , and the relative importance of each function at different

stations can be contrasted.

Sines and cosines have been extensively used as well as other

orthogonal fun ctions. The disadvan tage of sine and cosine functions

is that they must be harmonic multiples of each other. Time series

with complex variance patterns can always be resolved into a series

of periodic functions, but not as efficiently as if the functions need

not be periodic.

If the data set is pre sented in the form of a varia nce—covaria nce

matrix , a set of vectors can be derive d which completely account for

the variance of the matrix. These vectors, known as eigenvector s from

the German word Neigen N meaning prime or characteristic, are essen-

tially empirical polynomials bear ing no harmoni c resemblance to each

other.

As an example of the physical basis of this eigenvector analysis,

conside r a data set consisting of ten years of observation s of tempera-

ture at station A and stat -ion B. We can plot the normalized depar-

tures , computed by subtracting the mean from the actual observ ation

— - — --t
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and dividing by the standard deviation for that station, for these two

sta tions on a coordinate axi s as shown in Figure A. 1 where each point

represents the values for a given year. This set of vectors is a

physical representation of the variance of the data set, since the

origin represents the mean value of the temperature at both A and B,

bnd the square of the projection of each vector onto the two axes

represents the variance at that station for that year. The length of

the vector squared is proportional to the total variance associated

with a given year . The greater the sum of the squared lengths of all

the vectors , the greater variance there is to the total data set.

The objective of eigenvector analysis is to find a vector which

can explain a maximum amount of the variance represented by the obser-

vations and then, once this variance has been remove d, to find a second

vector , perpendicular to its predecessor , which explains a maximum

amoun t of the remaining variance • This process is continued until all

variance is accounted for. The analytic technique can be described

( following Kutzbach , 1967) as attempting to orient a “test’ vector in

such a way as to most resemble the observation vectors , whi ch can be

measured by calculating the sum of squares of the projections of the

observation vectors onto the test. vector. The larger the sum of

squares, the more like the observation vectors the test vector has

become. Since the teet vector , when properly oriented, encompasses

as much of the variance as is possible with a single vector, it is

called the princi ple or pr imary eigenvector. In our example, note

that severa l of the observation vectors fall into the first quadrant

of the coordinate axes, so it is likely that the first eigenvector

would also fal l in this quadrant. Because of their ort hogona lity,

_-p- —— ,-——-- - - - -  —
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Figure A.1 • Observations of normalized temperature departures at
station s A and B. The app roximate eigenvectors
(LV. I and E.V. 2) are also shown .
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the second eigenvector must fall in the second or fourth quadrant.

Any of the observation vectors can be reconstructed exactly as a

linear comb ination of these two eigenvectors. However, reconstruction

of the entire variance of a data set is seldom needed in meteorology,

since much of the variance may be due to localized effects, or noise

rather than signal. Due to the maximization process just described,

a mnall number of eigenvecto rs , often as few as 30 to L~0% of the number

of original observation vectors , will retain most of the large—scale

var iance of the data.

For an explanation of the matrix equations and procedures used

in eigenvector analysis, the reader is referred to article s by Stidd

(1967) and Kutzbach (1967). Briefly, the original data matrix is

converted to a cross—product , covariance or correlation matrix from

which a characteristic equation is derived whose roots form a set of

characteristic or eigen—values. The sum of these eigenvalues equal s

the total variance of the converted data matrix. The unit vectors

associated with each of the eigenvectors form a linearly independent

set which def ines a vector space of the same order as the converted

data matrix.

The primary eigenvector is associated with the largest eigen—

value , and eigenvecto rs decrease in explained variance with the de-

creasing rank of the associated eigenvalue. The variance explained

by each eigenvector equals its eigenvalue divided by the tota l. variance

of the data set (the sum of the eigenval uee).

Interpretation of eigenvectors normal ly consists of plotting the

value of each eigenvector component associated with a given geographic

location on a map of the area. The result will show areas of positive

_ _  _  _  - - ___
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and negative departu res. The magn itude of the eigenvect .or component

shows the relat ive contribution of any ind ividu al station to the

variance explained by that eigenvector.

If the series of meteorological records contains a pattern of

variance associated with a particular physical, climatic or dynamic

phenomena ( such as the windward or leeward effect of a mountain range

on precipitation ), that pattern of variance will usually dominate at

least one of the eigenvector patterns. If the effect is Ia~own before-

hand , an analyst can sometimes identify the pattern when it appears

in an eigenvector. The yearly coefficients of the eigenvectors iden-

tify which eigenvector was most prevalent in a given year and might

also help to identity which physical factors most influenced the

variation of precipitation that year . Unfortunately, physical phe-

nomena can seldom be clearly linked with an observed eigenvector

pattern.

Within a set of eigenvectors, those with the larger eigenvalues

normally display departure patterns characterized by shallow gradients

and wide areal extent , while those with the muall eigenvalues display

patterns of alternating departures with steep gradients between them.

Analogous patterns might be seen in a surface pressure map dominated

by a single high pressure system, as compared to one in which several

severe mesoscale storms are present. The eigenvectors with the larger

.igenval ues explain variance within the data set that is foumd in a].].

records of the set , while those with smaller value s explain the variance

‘left over’ omce the macroscale variance is removed (local effects).

If the individua l record. contain no widespread variance pattern , then

all of the eigsnvector. will display only localized effects.
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Appendix II — Values of Components and Coefficients for Ei~envectors 1 —22

The first five pages of this appendix list the ~3 components for

each of the first 22 eigenvectors obtained from the eigenvector analysis.

The column index denotes the eigenvector while the row index denotes the

component. Station identities for the row indices can be found in

Table 2.1.

The final four pages, bearing the heading “C Transpose”, list the

coefficients of the eigenvectors for each year, starting with 1921 as

year 1 • The column index denotes the eigenvector while the row index

denotes the year.

Graphical representations of the components and coefficients of the

first thirteen eigenvectors are shown in Figures 2.6a through 2.6m.
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