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Abstract

The single greatest in
uence on our climate is the Sun. In shining upon our

planet, its light warms us and the air and water surrounding us, giving us the

multitudinous e�ects that we call climate. One commonly accepted fact about

temperature (a very important component in weather) is that it is essentially

untied to spatial displacement. This implies that the temperature in Calgary has

no correlation with the temperature in Halifax, excepting only that they will be

roughly the samein terms of season(being in the samehemisphereand on the same

continent). This assumption is usedall the time in creation of global temperature

models, as it is necessaryfor temperatures in di�eren t blocks (typically 5 degrees

latitude by 5 degreeslongitude) to be uncorrelated.

Upon careful statistical examination of temperature time series,they can be

shown to show frequency correlation (with required phase shift to account for

geographic distance). While this correlation analysis has not been completely

explorered,if initial �ndings holds, temperature doeshavecorrelation acrossspatial

distance. This will require rethinking several commonly held assumptionsusedin

the creation of global temperature models.

In the data was found a number of known modes. The daily harmonic that

arises from our axial rotation was masked out carefully, in an attempt to clean

the inherent bias that comeswith such a powerful mode. Other modesdiscovered
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included the 11 and 22 year solar rotation modes, as well as a number of modes

that are known to have relation to sunspot frequencies. Further investigation of

this may yield surprising results.
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Chapter 1

In tro duction

The world is a mysterious place. Rotating about its axis while hurtling through

space,the di�erence betweenlife and death on this fragile planet of ours is a couple

of degreesin temperature, a mere overthought in a universethat extends farther

than we can see.The sun shinesupon the world impartially , giving magni�cantly

of its radiance and warmth, allowing water to 
o w rather than freeze, allowing

oxygen to exist as a free gas,and providing the energyso necessaryfor life.

As any child knows, temperature is dependent largely upon the Sun. When it

is daytime and we face the sun, the air, ground, and water warm under its rays.

When it becomesnight, the Sun ceasesto give visible light, and half the world

cools, descendinginto darknessand cold. In the winter, when the Earth is slightly

farther away from the Sun, the air becomescolder, water turns to ice, and humans

create replacement suns in their basements through burning fuel.

The question that begsto be asked is this: just how dependent is temperature

on the Sun? Clearly the macro movements of temperature are tied directly to

the Earth's orbit around the Sun, but what about the micro? Are the day-to-

day 
uctuations of temperature truly as variable as they seem,or do they have a

unifying underlying cause?

In the �elds of helioseismology, Earth seismology, astrophysics, and climate

study, work has been completed in recent years ([11]) that would indicate that

the Sun is tied more directly to Earth-based e�ects than was ever realized before.
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When the very background noiseof the Earth has a direct correlation to the Sun,

so too should temperature, tied so directly to the levels of irradiance coming from

the Sun.

Temperature has been recorded by humans for hundreds if not thousands of

years, in an attempt to give meaning and continuit y to the seasonalchanges.The

�rst signi�cant Westernattempt to record accurate temperature readingsoccurred

in England in the 1600sunder the guidance of the Royal Society. The Central

England Temperature time-seriesis the longest and most accurate of its kind on

Earth, spanning over 300 years of daily measurements. In addition, a number

of other European sites have been recently restored, with the data having been

checked and inconsistenciesexplained (and corrected) or removed. This is largely

due to the work of Dr. Phil Jonesof the University of East-Anglia, as thoroughly

explained for one casein [2].

Analysis of meteorlogical data goes back to 1829, when George MacKenzie

useda relative time framework in an attempt to tie together cyclesin weather as

it related to the economy. He found patterns showing a 54-year period in grain

prices, and postulated a tie to solar forcing. Work continued with John William

Lubbock, who tried to determine the relationship betweenlunar passingand high

tide on the Thames River in London, England. Both of thesemen worked solely

in the time domain, as the statistical methods for frequencyanalysisof time-series

data required the advent of Fourier.

The �rst known application of autoregressive techniquesto meteorlogicalstud-

ies (according to [3]) was that of Karl Pearsonand Alice Lee in 1897. They took

barometric readingsfrom a number of sites in the United Kingdom and correlated

those readings over a number of readings, using thirteen previous years of daily

measurements.

The data available to us in this project includes daily measurements from 7

distinct European sites, and comesin a variety of combinations { daily averages,

daily maximums, daily minimums, or all three. Much of the data is complete,with

lessthan 50 missing data points over the several-hundred-year span. For the sets
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that are complete, somerudimentary cleaning will be done, �lling gaps and the

like.

The purposeof this project is to analyze the data given, using standard fre-

quency domain tools, and to determine what model properties it has, if any. Co-

herencebetween multiple sites will indicate a correlation acrossspatial distance,

contradicting one of the commonly-held assumptions concerning global temper-

ature, namely that temperature is uncorrelated acrossa spatial distance greater

than a few hundred kilometres.

The rest of this report will indicate the problems faced in the completion of

this project, an indication of engineeringdesignthat was necessaryto solve those

problems, and a complete summary of the results. In addition, we digress for a

few pagesand explain someof the basics of the statistical methods used in the

analysis of the data. The Appendix contains a full listing of all project-created

code, with referencesto subroutines that are stored on the accompanying CD as

library �les.
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Chapter 2

Background and Approac h

2.1 Background: Temp erature

The primary forcing behind temperature on Earth is sunlight. While temperature

is modulated and even determined by oceanic
o w and the heat generatedby rock


o w under the crustal surface,the largest and most visible force behind what we

call temperature is the Sun. While it shines,the Earth remains warm, and when

it ceasesto shine, our world will becomenothing but a ball of rock, 
oating in a

void.

But how does the energy arrive at the Earth? Within the core of the Sun, a

tremendousnumber of reactionsoccur in the fusion process,releasinggammarays

and neutrinos. These gamma rays penetrate the outer core and travel through

the solar envelope, consisting of both a radiativ e and convective zone, into the

photosphere. Once in the photosphere, a portion of the energy radiated by the

core is emitted in visible form as what we call light, then travelling the some90

million miles to Earth through the medium of space.

Helioseismologyis the study of waves emitted by the Sun. Thesewaves come

out from the Sun with certain frequency, and give a remarkable amount of informa-

tion concerning the solar interior. It is our theory that examination of terrestrial

temperature modeswould show someof the p-mode frequenciesprovided we have

a �ne enoughspectrum.
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Figure 2.1: Solar Interior (Courtesy NASA)

In addition, examination of the temperature data should yield frequencies

known to be correlated with solar 
are activit y. Since each solar 
are dumps

a massive amount of energy into space in a short amount of time, this energy

will inevitably a�ect temperature on Earth, if directed toward our coneof space.

Frequenciescollated in a recent preprint [4] will be used in the analysis.

Now we must consider what happens to the solar rays when they reach our

planet. They strike the atmosphere�rst, partially being absorbed by the various

layers thereof. This gives rise to a measurement of the Sun's energycalled irr adi-

ance, referring to the total energy output from the Sun into space. Typically we

measureirradiance in W=m2 (Watts per metre-square),referring to the amount of

energy per square metre that the Earth receives from the Sun. Remember that

while we may not beable to seewavestransmitted at radio or gammawavelengths,

those waves can still transmit energy to Earth, warming our planet, as explained

by [7].

Now, having lived through the late 1990sin North America, most peopleare

familiar with the El Nino e�ect vaunted by meterologists on a nightly basis on

television newsshows. It is not the objective of this project to study in any way the
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climate variabilit y that comesfrom atmospheric or oceanice�ects. Our postulate

is that despite these strong forcings, the underlying forcings of temperature (in

particular, the micro
uctuations in the 1-100� Hz range) are solar in origin.

2.2 Background: Tools

Now we wish to take temperature readings, taken daily, and analyze them. There

are numerouspossibletools we could usein our analysis, from time domain meth-

ods (autocorrelation, etc.) to frequency domain (Fourier frequency transform,

�ltering, etc.). Determination of which tools to usewill be covered in the chapter

on Design, so for now we will review the techniques that could be used.

In all of the following assumewe begin with a data samplex(n) with N data

samples,taken � N time units apart.

2.2.1 Auto correlation

Auto correlations are relationships betweentime-laggedcopiesof the sameprocess,

and can enableus to �nd easy trends in data. While not powerful enoughfor the

work we are doing in this project, they are quite useful, and will be used in the

application of a prewhitening �lter to our temperature data.

If we de�ne the autocorrelation of a processas

� L = � (L ) =
R(L)

� 2 (2.1)

with

R(L) = Ef x t x t+ L g (2.2)

the processautocovariance, and � 2 the processvariance (as usual), then we can

continue to de�ne an autoregressiveprocessof order p.

A stationary AR( p) processwith zero mean satis�es

X t = � 1;pX t � 1 + � � � + � p;pX t � p + Et (2.3)
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where each � j;p is a constant (with � p;p 6= 0), and fE t g a zero-meanerror process,

typically Gaussian. We will use theseprocessesto attempt to match the primary

periods in our data, and then �lter them out.

2.2.2 Perio digram

If we considerthe Fourier transform, there is a natural estimate of spectrum called

the periodigram that has beenknown sincethe time of Schuster and Rayleigh. It

is de�ned as

PS(f ) =
� N
N

j
N � 1X

n=0

x(n)e� 2� if n� N j2 (2.4)

Unfortunately, the periodigram is singularly awful estimateof spectrum. Ironically,

it is also the most used,typically by scientists who are unaware of its horri�c bias

problems. In addition, there is a general idea that if the sample size is made

extremely large, the bias issuesof the periodigram are muted. In fact, while the

periodigram is an asymptotically unbiased estimator ([5] p.199), its bias is not

necessarilysmall for any particular N chosen. A quote from [9] indicates that on

the WT4 waveguide project, a sample size of 1.2 million sampleswas too badly

biasedto be useful. It is for this reasonthat we seekout other options.

2.2.3 Direct Spectrum Estimate

If we take the periodigram and convolve the original data with a data window be-

fore transforming it, we get an improved spectrum estimate that removesmuch of

the bias that plaguesthe periodigram. Of course,this opensthe door to other prob-

lems, mainly related to the lossof information that comesfrom using a smoother.

As well, we now must choosean appropriate data window, which can be di�cult.

An entire cottage industry exists with researcherscreating, testing, and publishing

improved data windows for certain applications. We formulate the direct spectrum

estimate as

ŜD (f ) =
� N
N

j
N � 1X

n=0

x(n)D (n)e� 2� if n� N j2 (2.5)

where D(n) is de�ned as the data window.
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2.2.4 Multitap er Spectrum Estimate

With the Direct Spectrum Estimate, we have the problem of having to decidewhat

data window to use. Fortunately for our peaceof mind, there is a classof data

windows that have been proven to optimal in the senseof concentrating maxi-

mal energy in the data window. These are the prolate spheroidal wave functions

(PSWF or Slepiansfor short), and are the solutions to the homogenousintegral

equation

�x (t) =
Z T

2

� T
2

sin2� B (t � t
0
)

� (t � t0)
x(t

0
)dt

0
(2.6)

which are derived in detail in [10] (ch8-10) and [5] (206-217).

The zeroth-order discrete prolate spheroidal sequence(DPSS) with parame-

ters N and W is a sequenceof length N with bandwidth W { i.e. the maximal

concentration of its energy is in the frequency band [� W; W ]. For an interesting

discussionof the merits of increasing the time-bandwidth product N W , examine

[5] (212-215).
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Figure 2.2: Slepian sequences,� (k)
n (N ; W ) for N = 100, N W = 4:5 and k =

0; 2; 4; 6.

The multitap er spectrum estimate usesDPSS tapers (b2N W c of them, to be

precise) and computes a spectrum estimate for each one. Then, those estimates



9

are averaged,yielding our �nal spectrum estimate as

S(f ) =
1

2N W

2N W � 1X

k=0

j yk(f ) j2 (2.7)

which has surprisingly good bias characteristics. It is this spectrum estimate that

will be used throughout this project, typically with a time-bandwidth product

N W = 5.

2.2.5 Prewhitening

Prewhitening is a common method of controlling bias in Direct Spectrum estima-

tors. It is basedupon a linear �ltering theorem, and essentially lowers the overall

range of the spectrum while moving the entire seriesto zero-mean.We would like

the spectrum to be roughly white, that is an approximation of a Gaussianstation-

ary zero-meanprocess.If our actual systemis not stationary zero-mean,then our

tools are lessuseful. We make the assumption that our processis such, proceed

with the analysis, and decideafterward whether our decisionwas justi�able.

If we take our original time series,and �lter it with someconstructed �lter (in

our case,constructed from an AR-p estimator), we obtain a �ltered spectrum of

form

Ŝ(d)
Y (f ) � � t j

MX

t=1

ht Yte� i 2� f t � t j2 (2.8)

whereht is a data taper, asde�ned above. In our case,we will usethe zeroth-order

prolate as our data taper, with NW=1. For a detailed derivation of prewhitening,

see[5] (218-220)or for the original, [6].

2.3 Approac h

We must now consider what to do for analysis, given the data set and tools we

have. There are any number of analysis techniques we could use, and considera-

tion between and choice of certain onesis a large part of the engineering design
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component of this project. However, for now, we will describe that generalized

approach we will take, and leave the messydetails for the sectiondetailing results.

Essentially , given a data set of this type, it will invariably have a messyspec-

trum estimate. We have a long-run time serieswith innumerable forces acting

upon it, and while it may be roughly Gaussian stationary, it most certainly is

not zero-mean,and has distinct non-stationarities. We need to approximate the

seriesas a Gaussianstationary zero-meanprocessin order to correctly apply the

multitap er spectrum estimate, and thus prewhitening must be applied.

In addition, the data hasbeengiven to us in a rough ASCII 
at�le, with missing

data points listed as � 99:9oC. These �les will need to be cleanedand gap-�lled

before they can be analyzed.

There are additional powerful tools that could be applied to this time series,

but time did not permit their usein this project. For more information, pleasesee

the Conclusionssection where suggestionsfor further investigation are listed.
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Chapter 3

Engineering Design

Engineering designhas beendescribed as the designand construction of artifacts

for use in society ([8]). It typically applies to open-ended,ill-structured problems

{ problems in which there are multiple solutions and the initial data is poorly

presented, incomplete, or outright wrong. Design comesin the implementation

of a complete solution to the problem, within the boundaries set in the initial

parameters.

The problem being attacked in this problem is exceptionally open-ended. Es-

sentially , it could be stated as this: "Giv en this data, what does it mean?" We

have long-run temperature time series,a number of available tools, and a rough

goal. As the project went on, we were forced to adapt to changesin the de�nition

of the problem, and especially to changesin realization about the structure of the

data. This is the very essenceof exploratory data analysis.

There were speci�c problems that had to be surmounted in order to complete

this project. The following section details them.

3.1 Problems to Consider

3.1.1 Original Data Storage and Retriev al

The data hasbeendelivered in ASCII-text 
at�les, with the temperature readings

stored in tabular form. Each year is composedof 31 rows of 14 columns, the �rst
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two indicating the day of the month and the current Julian year, and the remaining

twelve listing o� the months (January - December). Bringing this data into the

main FORTRAN routine in a linear array, listed sequentially from �rst entry to

last with no gapswill require somebridging routines. Clearly missing data points

need to be tagged, and the odd-length of months needsto be compensated for

in the routines. The most di�cult part of this area will be the compensation for

leap-year-length February months, with 29 instead of 28 days.

Solution:

An automated routine was implemented that took as its input a command

�le CFile . This command �le contained a list of all �les that were to be cleaned

and reformatted, as well as the corresponding output �les to be written to. Once

compiled, a simple command

# ./clean

will search for a command �le in the directory, terminating if none is found. If

the �le is found, it will then proceedto input the �les to be cleaned,run a parse

routine on them to clean end-of-month, and then output to the new �le. The full

code for this implementation can be found in A.1.

3.1.2 Di�eren t Sizes of Data Sets

Data hasbeenobtained from a number of Europeansites, including Padua, Stock-

holm, Uppsula, CET, Milan, Brussels,and Cadiz. These data sets run from an

earliest date of 1722for the Uppsula data set (with somemeasurements recorded

by Celsius himself) to present day. However, each data set starts at a di�eren t

year, and may or may not comewith completemaximum/minim um/averagedaily

measurements. For reasonsof bias, we would prefer to use maximum/minim um

data for the analysis in this project, and thus may discard the Uppsula and Stock-

holm measurements, as they comeonly in daily averages. An algorithm must be
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designedthat can automate the data matching problem, taking n input data sets

and returning an n � l-array, where l is the common data period over all n data

sets,measuredin days as integers.

Solution:

This problem was implemented asa part of the main program, taking pairwise

data sets and bringing them into memory. A simple converstion to Julian days

allowed for easycomparisonof start date. Setting

start_global = min{ startd_1, startd_2 }

allowed for removal of data points that existed in one set but not the other.

3.1.3 Missing Data Poin ts

Although these data sets have been cleanedup, there may still be missing data

points in the middle of the common data period. These points will have to be

gap-�lled before the analysis begins, through somecommonly-acceptedmethod.

Linear interpolation is certainly possible,although fancier (and better) solutions

do exist and may be necessarydepending on the lengths of the data gaps. Due to

the length of this project, the fact that designinginterpolators is a massive under-

taking in and of itself, and given the relative consistencyof the data obtained, a

simple-two-stage linear-plus-spectrum interpolator will su�ce for mid-sized data

gaps,with only a linear interpolator being necessaryfor small gaps.

Implemen tation:

In the end, only two data setsweremissing enoughpoints to be candidatesfor

the two-stageinterpolator. Sincedata was not somethingwe were lacking, we just

threw out those two data sets and proceededwith the analysis of the remaining

sites.
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3.1.4 Complexit y of Analysis

The analysis to be done on this data, going far beyond the typical spectrum es-

timation problem, will require careful development. In a search for low-order

frequencies,issuesof bias weigh heavily, and judicious useof �lters and windowing

techniques will be required. Information gained in STAT 464 will be used in the

implementation of multitap er spectrum estimates,as well as in �lter design.

Solution:

As detailed in Section 2.2.4, the multitap er spectrum estimator has been de-

signedto optimal in terms of maximizing energyin the passband [� W; W ]. Clearly

this tells us that we should usethis method if at all possible,and we have doneso

throughout this project.

In implementation of this method, we had to chooseparameters for the algo-

rithms, namely that of time-bandwidth product (choice of 5:0) and of the number

of tapers (8 were chosen). Theseparametersare not hard and fast, and alternate

choices would have yielded slight improvements or detractions from the results

gained. For a complete explanation, see[5] (211-212).

Originally, we took the data asgiven and immediately ran the multitap er algo-

rithm. This yielded a spectrum with a clear -5/3 trend, and with a large (>40dB)

range. After several futile attempts to remove the large range via application of

a low-order �lter (using a zeroth-order prolate) and multiplication by e� 5=3, we

decidedto scrap that entire path of trial and return to the start. Then, applying

a seriesof AR-p �lters to the data gave us an excellent prewhitening �lter (from

the AR-10 trial) which we applied to the data.

The resultsof the spectrum post-prewhiten and after running the low-pass�lter

were markedly di�eren t. Gone was the 40dB range in power, and modesbecame

visible. The data was not yet clear and plain, but it was workable.
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3.1.5 Choice of Data Sites

Courtesy of Dr. Phil Jonesat the University of East Anglia Climate Centre, the

long-run Europeantime serieslisted above have beendeliveredin remarkably com-

plete form. These data sets will be compared pairwise, and if time permits, be

comparedwith additional Canadian data sites, although the Canadian sites have

signi�cantly shorter time series. However, since there is some thought that the

frequenciesshift over time, this may not be such a bad thing. It is known (see[1])

that the frequenciesof solar p� modes are quite sensitive to solar activit y. Pru-

dencewould dictate that one should allow for similar behaviour in the designing

and analysisof low-frequency data such as we have in this project.

Implemen tation:

Time did not permit for testing with the Canadian data sites. However, it was

possible to run pairwise comparisonson all the data sites left in the European

pool. For sake of a few trees, only several pairs were shown in the Results section,

but all were run and can be reproduced by running

# ./analysis

in the data directory (contained on the attached CD).

3.2 Additional Design

The problems with their associated solutions (stated above) provide a framework

for the design of algorithms in this project. Once the data has been retrieved

and stored in a single array, and missing data points cleaned up, the spectrum

must be estimated. At this point, a prewhiten �lter will be applied to the data,

and the spectrum estimated again. After basic statistical tests, coherenceswill

be calculated upon them pairwise, allowing for the phaseshift inherent in their

geographicdi�erences. For a graphical idea of this procedure,seeFigure 3.1below,
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where (1) refers to the possibility of a secondinterpolation basedon a linear gap-

�lled time-series(using spectrum techniques).

Data Retrieval - Linear
Interpolation

- Spectrum

Estimation
- Re-interpolation

?

?

Coherences

(1)

(2)

Figure 3.1: Algorithm for Gap�lling Proceedure

3.2.1 Language of Choice

All development for this project will be done in FORTRAN. This will allow easy

use of previously created routines and libraries, most especially the multitap er

spectrum estimation libraries created by Dr. David Thomson. FORTRAN is a

logical choice for numerical analysisof this type, allowing for easyimplementation

of complex numbers and arbitrarily-lab elled arrays. Downsides are the lack of

build-in memory management (easy bypassedthrough use of a stack subroutine

created by Dr. Thomson) and somewhatarchaic type structure. All code created

in the courseof this project is contained in the appendices,and on the accompaning

CD.

3.2.2 Output Considerations

Most output for this project will be written directly to PostScript (PS) format

using subroutines written expressly for that purpose. Although somewhat more
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di�cult to work with than a GUI-driv en program such asMATLAB, theseroutines

o�er the ultimate 
exibilit y in plotting precisely the information needed.

3.2.3 Multitap er Spectrum Estimation

A time seriesis simply a sequenceof data points observed over time, separated

by some time interval � t. In the caseof this thesis, the measurements are of

temperature (in oC) observed daily, with maximum, minimum, and daily averages

recorded. In most time seriesanalysis projects, there are two main objectives:

� ProcessIdenti�cation

� Prediction and Extrap olation

In this analysis,we will be primarily interestedin the former of thesetwo goals,

but a designobjective for the future would be to to implement an algorithm that

will allow for temperature prediction up to a few days in the future. This would

add to current knowledge concerningweather forcasting, potentially allowing for

more accurate weather forcasts (and fewer injured weathermen).
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Chapter 4

Results

Now that the processwe went through has been detailed in the Design chapter,

we present results basedon the Brusselsand Central England (CET) time-series.

Thesebegin as text �les in the standard format usedby Dr. Jonesat East-Anglia.

Figure 4.1: BrusselsDaily Temperature Data { Initial and Cleaned

After cleaning them using the cleaner command (which calls the program

recorded as cleaner.f in Appendices),we then run a basic multitap er analysis,

applying a low-pass�lter. Thus Figure 4.2 yields Figure 4.3, and similarly Figure

4.4 yields Figure 4.5
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Figure 4.2: BrusselsTime Series



20

Figure 4.3: BrusselsTime Seriesand Initial Low-PassFiltered Spectrum
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Figure 4.4: CET Time Series
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Figure 4.5: CET Time Seriesand Initial Low-PassFiltered Spectrum
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Now, we run an AR-15 prewhitening �lter on the data, cleaning someof the

noise and reducing the total range by a signi�cant fraction. The following eight

pagesshow plots of the spectrum estimatesfor both Brusselsand Central England,

with interesting frequency peakspicked out in red. The frequencieslisted in red

are:

� 0:00144� Hz - 22 years(solar cycle)

� 0:00288� Hz - 11 years(solar cycle)

� 0:03200� Hz - 1 year (Earth revolution)

� 0:04800� Hz - 240 days (harmonic of Earth revolution)

� 0:06200� Hz - 187 days (harmonic of Earth revolution)

� 0:10300� Hz - 110 days

� 0:11200� Hz - 103 days

� 0:13100� Hz - 88 days

� 0:13900� Hz - 83 days

� 0:14500� Hz - 80 days

� 0:20400� Hz - 57 days

� 0:22600� Hz - 51 days

� 0:32000� Hz - 36 days

� 0:39200� Hz - 29 days

� 0:41500� Hz - 28 days (lunar cycle)

� 0:42200� Hz - 27 days

� 0:68200� Hz - 17 days

� 0:71000� Hz - 16 days
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� 1:01700� Hz - 11 days

� 1:30300� Hz - 9 days

Note that the frequencieslisted that are not identi�ed are all from [4], and

correspond to known solar 
are frequencies.
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Figure 4.6: BrusselsSpectrum w. AR-15 Prewhiten
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Figure 4.7: BrusselsSpectrum { Block 1
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Figure 4.8: BrusselsSpectrum { Block 2
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Figure 4.9: BrusselsSpectrum { Block 3
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Figure 4.10: CET Spectrum w. AR-15 Prewhiten
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Figure 4.11: CET Spectrum { Block 1
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Figure 4.12: CET Spectrum { Block 2
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Figure 4.13: CET Spectrum { Block 3
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As we can see,there are several frequenciesthat show up in both data sets.

This is what we were hoping for when we began the analysis { clear correlation

between spatially separatedgeographiclocations. While someof the frequencies

are not signi�cant (i.e. the yearly cycle), the others that show up with statistical

signi�cance are solar in nature, being known sunspot frequencies. The notable

onesare:

� 0:04800� Hz - 240 days (harmonic of Earth revolution)

� 0:06200� Hz - 187 days (harmonic of Earth revolution)

� 0:10300� Hz - 110 days

� 0:11200� Hz - 103 days

� 0:13900� Hz - 83 days

� 0:20400� Hz - 57 days

� 0:39200� Hz - 29 days

� 1:01700� Hz - 11 days

� 1:30300� Hz - 9 days
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Chapter 5

Conclusions

At this point, the prewhitened multitap er spectrum estimates show exceptional

promise in the exploration of the long-run temperature time series. With a little

more time, it should be possible to debug and implement a multi-line F-test to

check for �ne splitting in the frequencymodesfound. In addition, coherencescould

be computed between the di�ering data sets to detemine if the geographicsites

are correlated with a phaseo�set correspondant to the latitudinal o�set.

The correlation betweensolar 
are frequenciesand the frequenciesfound through

a rough eyeball of the temperature spectrum is quite remarkable. Implementation

of a frequencytracker that would act upon smaller chunks of the time-seriesin an

attempt to trace frequenciesthat move (as per mention in Chapter 3) would be

helpful in �nding correlations.

This project set out to explore the long-run time series. This has been com-

pleted. There remain a number of opendoors that canbe followed up in the future,

but this is a point where a line can be drawn and the project declaredcomplete.

5.1 Areas to Be Explored

5.1.1 Coherence

There is included with this thesis somepartially completedcode (seeAppendices)

for computing a phasecoherenceon a data set such asthis one. Implementation of
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this feature would be fascinating, and allow for a much more extensive and precise

evaluation of the actual relationships betweenthesedata sets.

5.1.2 Single-line F-test

An F-test would make the job of determining which frequenciesare statistically

signi�cant that much easier,especially if computedon both setstogether, returning

only those frequenciesthat are signi�cant in both sets.

5.1.3 Multi-line F-test

It has been theorized that �ne splitting occurs in the Sun, causing a decreasein

power in a single frequency but an increasein harmonics of that frequency. This

is especially visible in casesof 3- and 5-line splitting, where most of the power

goesinto the two harmonics immediately above and below the frequency. If this is

occurring in the temperature data, it will serve only to obscurethe actual detail.

Implementation of a multi-line F-test would aid a researcher in exploring this facet

of the data.

5.1.4 Use of Further Data Sets

Essentially the analysis in this project consistedof geographicsites within a two-

hour phase o�set. It would be interesting and instructiv e to bring in data sets

from Canada, Australia, Japan, and India, to truly present a global picture. It

should also be easierto seethe phaseo�set if it is a true o�set of +8 hours rather

than +1 hours.

5.1.5 Cleaning up Code

The code as presented in the Appendicesis function. However, it is certainly not

beautiful. Writing in FORTRAN is all well and good for scienti�c purposes,but it

doesnot makenice-looking code. It would bepossibleto usea FORTRAN-wrapp er

in somemore Object-Oriented languageand reimplement the code presented here.
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Of course,it would also be useful to have the libraries usedwritten in C or C++

as well, but one cannot wish for everything.

5.2 Parting Commen ts

Exploratory data analysisis at times frustrating, irritating, fascinating, and thrilling.

When it has been a late night and that elusive bug remains, well, elusive, ex-

ploratory data analysis can be the least favourite thing in the world. Yet, when

the bugs are all �xed and a plot it written out and there is something there, it

becomesa truly fascinating puzzle.

We set out to try to explain temperature 
uctuations as being driven by the

Sun. This has not beenshown. However, we have made stepsof progresstoward

this goal, and have revealed a number of promising paths ahead that may lead

there. Someonewill take up the task in the future, and we hope this work will be

useful in that endeavour.
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App endix A

App endix

A.1 File Cleaner
c Main pr ogram �le for thesis
c A uthor: Wesley Burr
c Written: January 31, 2005
c Mo di�e d: Mar ch 4, 2005

c cal ls GetT empD (xd1(*), fname) to pul l data fr om �le

c Uses contr ol �le \C�le" in curr ent dir ectory
c C�le lists: 10
c 1) # of �les
c 2) T ype of data
c 3) List of �le names

program cleaner

character fname1 *80, fname2 *80, title *80, c�le *5
in teger num �les , i
in teger in�le c, len 1, len 2 20

data c�le / 'Cfile' /

write (*,*) " W elcome to the T emp erature Flat � �le Cleaner "

write (*,*) " ======================================= ===== "

write (*,*) 'Opening file: ' , c�le
in�le c = 3
cn t = 0

30
op en (in�le c, �le = c�le , iostat = n , status = 'old' ,

+ access= 'sequentia l' , form = 'formatted' , err =50)
rewind in�le c

read (in�le c, *) num �les
read (in�le c, " (A )" ) title

write (*,*) " T yp e of data : " , title

do 10 cn t =1, num �les 40

read (in�le c, *) fname1 , fname2

do 5 i= len (fname1 ), 1, � 1
if (fname1 (i :i ).ne .' ' ) goto 6

5 con tin ue
6 len 1 = i

do 7 i= len (fname2 ), 1, � 1
if (fname2 (i :i ).ne .' ' ) goto 8 50

7 con tin ue
8 len 2 = i

write (*,*) " Pro cessing : " , fname1 (1:len 1), " � > " ,fname2 (1:len 2)
call GetT empD (fname1 , fname2 )

10 con tin ue

close (in�le c)

goto 60 60

50 write (*,*) " Program failed to �nd a Command File 'Cfile'"
write (*,*) " in the curren t directory ."
goto 60

60 end

c Subr outine GetT empD
c Cr eated: January 20th, 2005 70
c Mo di�e d: Mar ch 8, 2005
c By: Wesley Burr
c

subroutine GetT empD (fname , fname2 )

parameter (nmon =12, mxdpm =31, mxdp y =366)
c Variable declar ation
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character fname *14, fname2 *14, ttl *80
in teger n , cn t , cn t2 , cn t3 end f, day , set1 , set2 , nyr 80
in teger lmon (nmon ), NSID , cur yr
character *5 dd (nmon ,mxdpm ), xd (mxdp y )
character *4 mon (nmon ), did (mxdp y )

data lmon /31,28,31,30,31,30,31,31,30,31,30,31/
1, mon / 'Jan.' ,'Feb.' ,'Mar. ' ,' Apr.' ,'May ' ,'June' ,'July'
2,'Aug.' ,'Sept' ,'Oct .' ,'Nov. ' ,'D ec.' /

c Data Output fr om �les
90

write (*,*) '==============================='

write (*,*) 'Opening file: ' , fname
in�le = 2
cn t = 0

op en (in�le , �le = fname , iostat = n , status = 'old' ,
+ access= 'sequentia l' , form = 'formatted' )

rewind in�le
100

write (*,*) 'File opened: ' , fname

write (*,*) 'Opening file: ' , fname2 , ' for write-out purpose'
out�le = 8

op en (out�le , �le = fname2 , iostat = n , status = 'new' ,
+ access= 'sequentia l' , form = 'formatted' )

write (*,*) 'File opened: ' , fname2
110

c determine last data entry
do 5 cn t =1, 2000000

read (in�le , '(A)' , end =6) ttl
5 con tin ue

6 end f = in t (cn t � 1)
goto 7
con tin ue

120
7 rewind in�le

c set the start and end years for the data set
do 20 cn t =1, in t (end f /32)

read (in�le , 2800) set1 , set2
if (cn t == 1) then

nystrt = set2
endif
if (cn t == in t (end f /32)) then 130

nyend = set2
endif

do 18 cn t2 =1, 31
read (in�le , '(A)' ) ttl

18 con tin ue
20 con tin ue

rewind in�le

c now actual ly bring in the data, sinc e we know how many years ther e 140
c ar e (we must assume the years ar e contiguous { if not, wups!)

if (( nyend � nystrt + 1)*32.ne.end f ) then
write (*,*) 'Problem With Year Lengths - Total number of days'
write (*,*) 'does not match nyend - nystrt'
write (*,*) " Num b er of Years : " , nyend � nystrt +1
write (*,*) " end f : " , end f

endif

do 1900 nyr = nystrt , nyend 150

c read in one block of months - i.e. a year
read (in�le ,'(I6, I6)' ) NSID , cur yr
do 1200 n = 1, 31
read (in�le ,'(i5,12a5)' ) nda y , (dd (m ,n ),m =1, nmon )
if (nda y .ne .n ) write (*,*) 'Day Numbers ' ,n ,nyr

1200 con tin ue

c February leap-ye ar check
lmon (2) = 28 160
if (mo d(nyr ,4).eq .0) then

lmon (2) = 29
endif
if (mo d(nyr ,100).eq .0) then

lmon (2) = 28
else if (mo d(nyr ,400).eq .0) then

lmon (2) = 29
endif

c write data back out into xd(*) as time series 170
c corr ects month lengths (see lmon(m))

ndc = 0
do 1401 m = 1, nmon
do 1400 n = 1, lmon (m )
ndc = ndc + 1
nn = 1 + mo d(n � 1, 10)

if (nn .eq .1) write (did (ndc ), " ( i4 )" ) nyr
if (nn .eq .2) write (did (ndc ), " ( 'd' ,i3 )" ) ndc
if (nn .eq .3) did (ndc ) = mon (m )
if (nn .ge .4) write (did (ndc ), " ( i4 )" ) n 180

xd (ndc ) = dd (m ,n )
1400 con tin ue
1401 con tin ue

do 1600 n = 1, ndc
write (out�le ,*) did (n ), xd (n )
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1600 con tin ue

1900 con tin ue
190

close (in�le )
close (out�le )

c jump to end of pr ogram
goto 2000

2800 F ORMA T (I6 , I6 )
con tin ue

2000 con tin ue 200
return

end

A.2 In terp olator
c Interp olator
c Runs line ar interp olation on given �les
c fr om C�le A { determines if �le can be
c cleaned or if ther e ar e too many missing data
c points.
c
c May need to be run twic e to complete al l line ar
c interp olations in extr eme cases (i.e. high numb ers
c of missing points).

10
c Cr eated: February 22, 2005
c by: Wesley Burr

program in terp olate

parameter (MAX FILE = 20, MAX SIZE =150000, ndstak = 100000000)
c
c maximum of 20 �les or 400 years of data
c 20

character fname1 *80, fname2 *80, title *80, c�le *7
in teger num �les , i , in�le c, len 1, len 2, o�set , cn t2 ,

+ yr (MAX FILE ), enum
real xd (MAX SIZE , MAX FILE )
character fnames (MAX FILE )*13, num c*2, pname *10, G�le *18
real length

data c�le / 'Cfile_A' /, pname / 'analysis.f' / , G�le / 'analysis.ps' /
30

double precision dstak (ndstak )

common / cstak / dstak

write (*,*) " W elcome to the In terp olation Program "
write (*,*) " ==================================== "

write (*,*) 'Opening file: ' , c�le
in�le c = 3
cn t = 0

40
op en (in�le c, �le = c�le , iostat = n , status = 'old' ,

+ access= 'sequentia l' , form = 'formatted' , err =990)
rewind in�le c

read (in�le c, *) num �les
read (in�le c, " (A )" ) title

write (*,*) " T yp e of data : " , title

do 5 cn t =1, num �les 50
do 5 cn t2 =1, MAX SIZE

xd (cn t2 , cn t ) = 0.
5 con tin ue

do 20 cn t =1, num �les

read (in�le c, *) fname1 , fname2 , o�set

do 17 i= len (fname2 ), 1, � 1 60
if (fname2 (i :i ).ne .' ' ) goto 18

17 con tin ue
18 len 2 = i

write (*,*) " Inputting : " , fname2 (1:len 2)
call GetT empD (fname2 , xd (1, cn t ), yr (cn t ))

fnames (cn t ) = fname2 (1:len 2)
20 con tin ue

close (in�le c) 70

write (*,*) ""
write (*,*) " Data Files Read in "
write (*,*) ""

do 30 cn t =1, num �les
length = real (JDfYMD (1997,12,31) � JDfYMD (yr (cn t ),1,1) + 1.)
write (*,*) " Cleaning �le :" , in t (cn t ), " of length " , length
call linearI (xd (1,cn t ), length )
call writeO (xd (1,cn t ), length , fnames (cn t )) 80

30 con tin ue

goto 1000

990 write (*,*) " Program failed to �nd a Command File 'Cfile_A'"
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write (*,*) " in the curren t directory ."
goto 1000

1000 con tin ue
end 90

c==================== === === === === ==== === === === === === === ==

subroutine writeO (xd , length , fname )

real xd (*), length , value
in teger cn t , in�le , out�le
character fname *13, ttl *128, temp (150000)*5

in�le = 2 100
cnt = 0

op en (in�le , �le = fname , iostat = n , status = 'old' ,
+ access= 'sequentia l' , form = 'formatted' )

rewind in�le

c determine last data entry
do 5 cn t =1, 200000

read (in�le , '(A)' , end =6) ttl
5 con tin ue 110

6 end f = cn t � 1
goto 7
con tin ue

7 write (*,*) " end f : " , end f , " length : " , length

rewind in�le

read (in�le ," (A5 ,F5 .1)" ) temp (1), value 120

do 900 cn t = 2, end f
read (in�le ," (A5 ,F5 .1)" ) temp (cn t ), value

900 con tin ue

close (in�le )

write (*,*) 'Opening file: ' , fname , ' for write-out purpose'
out�le = 8

130
op en (out�le , �le = fname , iostat = n , status = 'old' ,

+ access= 'sequentia l' , form = 'formatted' )

write (*,*) 'File opened: ' , fname

end �le = min (end f , length )
write (*,*) " W riting out " , end �le , " p oin ts ."
do 1000 n = 1, end �le

write (out�le ," (A5 , F5 .1)" ) temp (n), xd (n )

1000 con tin ue 140

write (*,*) " File Closed "
write (*,*) ""

close (out�le )

end

c=================== ==== === === === === === === === === === === ===
150

c subr outine computes a line ar interp olation for missing data values
c for blocks bigger than 10 values missing in a 30-day perio d, �l ls with
c the aver age over the entir e span

subroutine linearI (xd , length )

real xd (*), avg , length
in teger cn t , num bad , num a

num bad = 0 160

do 10 cn t2 =1, length
if (xd (cn t2 ). le .� 80.) then

num bad = num bad +1
endif

10 con tin ue

write (*,*) " T otal missing data p oin ts : " , num bad

c mor e than 50 bad points, so replace with aver age over al l 170
c good points

if (num bad .ge .50) then

num a = 0
avg = 0.

do 15 cn t2 =1, length
if (xd (cn t2 ).ge .� 80.) then

avg = avg + xd (cn t2 )
num a = num a + 1 180

endif
15 con tin ue

avg = avg / real (num a)

do 16 cn t2 =1, length
if (xd (cn t2 ). le .� 80.) then

xd (cn t2 ) = avg
endif

16 con tin ue 190

write (*, " (I5 , A21 , F6 .2)" ) num bad , " p oin ts replaced with " , avg
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endif

if (num bad .lt .50) then

do 18 cn t2 =1, length
if (xd (cn t2 ).ge .� 80.) then

avg = avg + xd (cn t2 ) 200
num a = num a + 1

endif
18 con tin ue

avg = avg / real (num a)

if (xd (1). le .� 80.) then
xd (1) = avg

endif
210

do 20 cn t2 =2, length
if (xd (cn t2 ). le .� 80.) then

if (xd (cn t2 +1). le .� 80.) then
if (xd (cn t2 +2). le .� 80.) then

if (xd (cn t2 +3). le .� 80.) then
xd (cn t ) = avg
xd (cn t +1) = avg
xd (cn t +2) = avg
xd (cn t +3) = avg

else 220
xd (cn t ) = (xd (cn t � 1)+ xd (cn t +3))/2.
xd (cn t +1) = (xd (cn t � 1)+ xd (cn t +3))/2.
xd (cn t +2) = (xd (cn t � 1)+ xd (cn t +3))/2.

endif
else

xd (cn t ) = (xd (cn t � 1)+ xd (cn t +2))/2.
xd (cn t +1) = (xd (cn t � 1)+ xd (cn t +2))/2.

endif
else

xd (cn t ) = (xd (cn t � 1)+ xd (cn t +1))/2. 230
endif

endif
20 con tin ue

endif
c end of \if less than 50"

1000 end

c==================== === === === === ==== === === === === === = 240

c Subr outine GetT empD
c Cr eated: January 20th, 2005
c Mo di�e d: Mar ch 16, 2005
c By: Wesley Burr
c

subroutine GetT empD (fname , xd , yr st )

real xd (*) 250
in teger cn t , yr st
character fname *13, yr *5

in�le = 2
cn t = 0

op en (in�le , �le = fname , iostat = n , status = 'old' ,
+ access= 'sequentia l' , form = 'formatted' )

rewind in�le
260

c determine last data entry
do 5 cn t =1, 200000

read (in�le , '(A)' , end =6) ttl
5 con tin ue

6 end f = in t (cn t � 1)
goto 7
con tin ue

7 rewind in�le 270

c the �rst entry in the left column is the start year
c i.e. 1752
c now actual ly bring in the data, sinc e we know how many days ther e ar e,
c and we assume contiguous years fr om those days

read (in�le ," (I5 F5 .1)" ) yr st , xd (1)

do 1900 cn t = 2, end f
read (in�le ," (5X, F5 .1)" ) xd (cn t ) 280

1900 con tin ue

close (in�le )

c jump to end of pr ogram
goto 2000

2000 con tin ue
return
end 290

c=================== ==== === === === === === === === === === === ===

in teger function JDfYMD (Y ,M ,D )
in teger Y , M , D

c
c Formula 12.92-1 fr om Explanatory Supplement to the Ephemeris
c K. Seidelmann (Ed.), 1992, page 604
c 300

JDfYMD = ( 1461 * ( Y + 4800 + (M � 14)/12))/4
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1 + ( 367 * ( M � 2 � 12*(( M � 14)/12)))/12
2 � (3*(( Y + 4900 + (M � 14)/12)/100)) + D � 32075

return
end

A.3 Analysis Program
c A nalysis of data �les for thesis pr oject
c A uthor: Wesley Burr
c Written: Mar ch 16, 2005

c Uses contr ol �le \C�le A" in curr ent dir ectory
c C�le A lists:
c 1) # of �les
c 2) T ype of data
c 3) List of �le names with GMT o�sets as:
c fname (10) fname o (13) o�set (4) 10
c < char acter > < char acter > < inte ger >
c
c Obje ctive is to read in the data into a lar ge multi-d
c arr ay, and then run the analysis on the sets pairwise

program mainP

parameter (MAX FILE = 20, MAX SIZE =150000, ndstak = 100000000)
c
c maximum of 20 �les or 400 years of data 20
c

character fname1 *80, fname2 *80, title *80, c�le *7
in teger num �les , i , in�le c, len 1, len 2, o�set , cn t2 ,

+ yr (MAX FILE ), enum , o�sets (MAX FILE )
real xd (MAX SIZE , MAX FILE )
character fnames (MAX FILE )*13, num c*2, pname *10, G�le *18

data c�le / 'Cfile_A' /, pname / 'analysis.f' / , G�le / 'analysis.ps' /
30

double precision dstak (ndstak )
common / cstak / dstak

write (*,*) " W elcome to the T emp erature Analysis Program "
write (*,*) " ====================================== ===== "

write (*,*) 'Opening file: ' , c�le
in�le c = 3
cn t = 0

40
op en (in�le c, �le = c�le , iostat = n , status = 'old' ,

+ access= 'sequentia l' , form = 'formatted' , err =990)

rewind in�le c

read (in�le c, *) num �les
read (in�le c, " (A )" ) title

write (*,*) " T yp e of data : " , title

do 5 cn t =1, num �les 50
do 5 cn t2 =1, MAX SIZE

xd (cn t2 , cn t ) = 0.
5 con tin ue

do 20 cn t =1, num �les

read (in�le c, *) fname1 , fname2 , o�sets (cn t )

do 17 i= len (fname2 ), 1, � 1 60
if (fname2 (i :i ).ne .' ' ) goto 18

17 con tin ue
18 len 2 = i

write (*,*) " Inputting : " , fname2 (1:len 2)
call GetT empD (fname2 , xd (1, cn t ), yr (cn t ))
fnames (cn t ) = fname2 (1:len 2)

20 con tin ue

close (in�le c) 70

c now we have the data in xd(x,y) but not stor ed in any \nic e" fashion
c i.e. the start of each column of the arr ay is any arbitr ary year
c so we need to determine the earliest start date, use that as our
c arbitr ary start of arr ay, and move everything else to match

c but sinc e we cannot analyze data we do not have, for now, we wil l
c consider each pairwise set, and set start/end dates, and move them
c to a scratch arr ay

80
c setup stack

call istkin (ndstak ,4)

call prid (pname ,cat�l )
c
c Gr aphics Output colour set (Gc olsu)

call Gcolsu (2,ncol )
c Open graphics �le

call Gb egin (pname , G�le )
90

c pairwise analyze the data �les
do 40 cn t =2, 2

do 40 cn t2 =8,8
call analysis (xd (1,cn t ), xd (1,cn t2 ), yr (cn t ), yr (cn t2 ),

+ fnames (cn t ), fnames (cn t2 ), MAX SIZE , o�sets (1), o�sets (2))
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40 con tin ue

call gclose (pname )
100

goto 1000

990 write (*,*) " Program failed to �nd a Command File 'Cfile_A'"
write (*,*) " in the curren t directory ."
goto 1000

1000 end

c==================== === === === === ==== === === === === === === ==
110

c subr outine computes spectrum & does analysis on pairs of temp eratur e data
c receives two arr ays of temp eratur e data and a start year
c Note: data begins at Jan 1 / < yr >

c xd1, xd2 - temp eratur e time series
c yr1, yr2 - starting year of xd i
c fname1, fname2 - �le names of time series, to be used for output

subroutine analysis (xd1 , xd2 , yr1 , yr2 , fname1 , fname2 , ndin ,
+ p o�set1 , p o�set2 ) 120

parameter (nsets =2, ntrf =262144, nfrlo =0, nfrhi = ntrf /2, ndecfr =1,
+ nbfrlo = nfrlo / ndecfr , nbfrhi = nfrhi / ndecfr , ncon =50, nfppar =32,
+ mxbin =50, mxalias =30, ndmax =150000, LFilt =8030, maxlag =50,
+ nstep = 5, mxcdm = 50+ ndmax / nstep , mxsect =30)

real xd1 (*), xd2 (*), xd (ndin , nsets ), tsPlt , dtPlt , frscl ,
+ dfUHz , par (nfppar ,nsets ,2), Sav (nbfrlo :nbfrhi ,nsets ,2), t (ndin ),
+ QNmsc (nbfrlo :nbfrhi ), fr (nbfrlo :nbfrhi ), msclvl (0:mxbin ),
+ NTmsc (nbfrlo :nbfrhi ), NTv ar (nbfrlo :nbfrhi ), msc (nbfrlo :nbfrhi ), 130
+ PkMSC (nbfrhi ), ph (nbfrlo :nbfrhi ), ph var (nbfrlo :nbfrhi ),
+ Csrt (nbfrlo :nbfrhi ), msc h(0:mxbin ), frpk (nbfrhi ), pkph (nbfrhi ),
+ W1 (nbfrhi ), falo (mxalias ), fahi (mxalias ), palo (mxalias ),
+ pahi (mxalias ), work (nfrlo :nfrhi ), tout (0:mxcdm ), amp (0:mxcdm ),
+ phse (0:mxcdm ), Filt (LFilt ), lpf (0:mxcdm ), Pho�st , rsd (ndmax ),
+ LPI (ndmax ), ALI (ndmax ), PLI (ndmax ), phplt (0:mxcdm ), Clim (ndmax ),
+ freq l (nbfrhi ), x axis (LFilt ), p c(nfrlo :nfrhi ), sc(nfrlo :nfrhi ),
+ Spw (nfrlo :nfrhi ), SavPW (nfrlo :nfrhi ,nsets ), x l (20)

complex cxp (LFilt ), cdm (mxcdm ), cdotr
real *8 yr str , yr 1, yr 2, rr end , p ef8 (0:maxlag ) 140
character btl *40, frlbl *64, fname1 *13, fname2 *13,

+ ttl (nsets +1)*128, num c*2, Ptag *24, dtl *96, SlpLbl *96, stl *128,
+ splbl *128

in teger ndin , ndata , cb (ncon ,nsets ,2), nrma v , o�st1 ,
+ o�st2 , ntrf ,nfreq , yr1 , yr2 , yr st , �le enum , pkindx (nbfrhi ),
+ iw ork (nbfrhi ), p o�set1 , p o�set2 , tmp

c ndata = numb er of data points to analyze (compute d)
c nsect = numb er of sections of data to multitap er
c no�st = o�set in . . . ? 150

c ntrf = numb er of tr ansform points
c nfrlo = low end of fr equency
c nfrhi = high end of fr equency
c tstart = time start (r eal)
c dtSec = one day in seconds
c delf = delta-fr equency
c nor d = numb er of or der ed data windows (Slepian)
c cr el = relative index of windows
c ndecfr = decimate ratio in fr equency (1 = no decimate)

160
character cat�l *26, Date *16,tlbl *128

data tlbl / " Calendar Date " /, nsect /1/, btl / " " /
+ nord /8/, crel /5.0/, no�st /0/, frscl /1.e+06/,
+ frlbl / " Frequency in microHertz " /, nrma v /2/, ttl (3)/ "" /,
+ nsav /1/, nehlim /2/, nehc /1/, ip cor /1/, npmsc /3/, lc /2/, lp /0/,
+ Pho�st /0./, ph t /1./, x l /3.2e � 8, 0.288e� 8, 0.144e� 8, 0.048e� 6,
+ 0.682e� 6, 0.062e� 6, 0.103e� 6, 0.112e� 6, 0.131e� 6, 0.139e� 6,
+ 0.145e� 6, 0.392e� 6, 0.204e� 6, 0.226e� 6, 0.320, 0.422e� 6,
+ 0.415e� 6, 1.017e� 6, 1.303e� 6, 0.710e� 6/ 170

cat�l = fname1 // fname2
ttl (1) = fname1 // " � frequency analysis "
ttl (2) = fname2 // " � frequency analysis "

c set starting year for pair of data sets

yr st = max (yr1 , yr2 )

yr 1 = JDfYMD (yr1 ,1,1) 180
yr 2 = JDfYMD (yr2 ,1,1)

yr str = max (yr 1, yr 2)

c set ndata to go fr om < start > - < 1997 >
yr end = JDfYMD (1997,12,31)
ndata = in t (yr end � yr str + 1)

write (*,*) " "
190

write (*,*) " Ndata : " , ndata
write (*,*) " yr st : " , yr st
write (*,*) " yr str (JD ): " , yr str
write (*,*) " yr 1: " , yr 1
write (*,*) " yr 2: " , yr 2
write (*,*) " yr end : " , yr end

cn t = 0
o�st1 = in t (yr str � yr 1)
o�st2 = in t (yr str � yr 2) 200

write (*,*) " O�set #1: " , o�st1
write (*,*) " O�set #2: " , o�st2
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do 5 cn t =1, ndata
xd (cn t ,1) = xd1 (o�st1 + cn t )
xd (cn t ,2) = xd2 (o�st2 + cn t )

5 con tin ue

write (*,*) " Data set up in xd () starting at JD : " , yr str 210
write (*,*) " "
write (*,*) " ===================================== "
write (*,*) " "

c start year for plotting graphs
tsPlt = 
oat (yr st )

c delta-t
dtPlt = 1.0/365.25

c one day in seconds 220
dtSec = 86400.0

c write to screen
write (*,*) " Start (JD ): " , yr str , " dt : " , dtPlt
write (*,*) " ndata : " , ndata , " tsPlt : " , tsPlt
write (*,*) " ndin : " , ndin

c equal incr ement plotting axis - cr eate

call xaxisa (t ,ndata ,
oat (yr st ),dtPlt ) 230
call sdplot (t ,xd (1,1), ndata ,fname1 ,tlbl ," T emp Deg C " ,ph t )
call sdplot (t ,xd (1,2), ndata ,fname2 ,tlbl ," T emp Deg C " ,ph t )

nplot = min (ndata ,5000)

c==================== === === === === ==== === === === === ==
c begin fr equency analysis

c setup multitap er once . . .
c takes eigenc oe�cients & puts them in one big arr ay 240

call mwsopt ( 'blkcft,on ' )
c weight-toler ance - 0.02

call mwsopt ( 'wttola,.02 ' )
c set sig level for F-test

call mwsopt ( 'sigmin,.99,. si gout, .9 99' )

c multi-window setup (set.f )
call mwsetf (ndata � LFilt +1,. false .,nsets ,nsect ,no�st ,ndata ,

+ ntrf ,nfrlo ,nfrhi ,tstart ,dtSec ,delf ,nord ,crel ,ndecfr )
250

c mwpset = Multi-window setup for alternative plot scaling
c time & fr eq labels in some other unit set

call mwpset (tsPlt , dtPlt , tlbl ,'popt' ,frscl , frlbl )

c mw lbls = Multi-window labels
call mwlbls (" ylbs " ," Estimated Sp ectrum " )
write (btl , " ( 'Time-bandwid th :' ,f3 .1,',' ,i4 ,' windows' , f6 .0,

+) " ) crel , nord , ndata

nfreq = nfrhi +1 � nfrlo 260
dfUHz = delf * frscl

c multi-window axis setup
call mwaxis (fr ,nfreq ,delf * 
oat (nfrlo ),delf ,'F' )

do 600 j =1, 2

c �lter out low-or der crud
pi = 4.*atan (1.0) 270
RtoD = 180./ pi
DtoR = pi /180.
RelFb w = 3.0
Wcp d = RelFb w / 
oat (LFilt )
call dpss (Filt , LFilt , LFilt , 1, Wcp d , theta )
to� = dtPlt * 
oat (LFilt )/2.

call xaxisa (x axis ,LFilt ,1.,1.)
call sdplot (x axis ,Filt ,LFilt ," dpss " ," n " ," magnitude " ,ph t )

280
freq = 1.0/365.25
odt = 2.*pi * freq
U0 = ssum (LFilt ,Filt ,1)
as = 2./ U0

do 50 n=1, LFilt
Filt (n ) = Filt (n )/ U0
cxp (n ) = cmplx (cos(odt * 
oat (n � 1)), � sin (odt * 
oat (n � 1)))*

+ Filt (n )*2.
50 con tin ue 290

call cm4pp (xd (1,j ),ndata ,Ga ve,Gv ar ,ttl ( j ))
call adstoa (xd (1,j ),xd (1,j ),ndata ,� Ga ve)

ncdm =0
do 55 nb=1, ndata +1 � LFilt , nstep

ncdm = ncdm + 1
cdm (ncdm ) = cdotr (LFilt ,cxp ,1,xd (nb ,j ),1)
amp (ncdm ) = cabs (cdm (ncdm )) 300
phse (ncdm ) = RtoD *atan2 (aimag (cdm (ncdm )), real (cdm (ncdm )) )
lpf (ncdm ) = sdot (LFilt ,Filt ,1,xd (nb ,j ),1)
tout (ncdm ) = t (nb) + to�

55 con tin ue

write (*,*) " Num b er complex demo dulates " , ncdm
write (*,*) " t (1), phse (1) " , tout (1), phse (1)

c phase unwr apping into degrees
call sphsed (phse (1), ncdm ) 310
P1T = phse (1) + Pho�st
if (P1T .gt .360.0) Pho�st = Pho�st � 360.0
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if (P1T .lt .0.0) Pho�st = Pho�st + 360.0
pslp = 360.0*
oat (nstep )* freq

c calculate phase for each complex demo dulate
do 80 n = 1, ncdm

80 phse (n ) = phse (n ) � pslp * 
oat (n � 1)

write (*,*) " P1T ,Pho�st " , P1T ,Pho�st 320
call adstoa (phse (1), phplt (1), ncdm ,Pho�st )
write (*,*) " Pho�st ,phplt (1) " ,Pho�st ,phplt (1)

c line ar detr end metho d
call detrnd (phplt (1), rsd (1), ncdm ,aph , phslp )

tcen t = (tout (1)+ tout (ncdm ))/2.
write (*,*) " Phase slop e" , aph , phslp
call cm4pp (rsd ,ncdm ,avjunk ,PhV ar ," Phase Residuals " )
ncdmp2 = ncdm + 2 330
tout (0) = t (1) � dtPlt
tout (ncdm +1) = t (ndata ) + dtPlt
lpf (0) = lpf (1)
lpf (ncdm +1) = lpf (ncdm )
amp (0) = amp (1)
amp (ncdm +1) = amp (ncdm )
phse (0) = phse (1)
phse (ncdm +1) = phse (ncdm )
call detrnd (lpf (1), rsd (1), ncdm ,avelp ,DCslop e)
DCslop e = DCslop e*365.25/ 
oat (nstep ) 340
write (SlpLbl ," ( 'Average Trend' ,f7 .3,' degrees C/Century' )" )

+ DCslop e*100.0

c squeeze multiple blanks to single
call blank1 (SlpLbl ,SlpLbl )
call cm4pp (rsd ,ncdm ,avjunk ,VarLo wP ," Lo w Pass Residuals " )
call sdplot (tout (1), lpf (1), ncdm ,ttl ( j ), tlbl ," Lo w � Pass" , ph t )
call Gablin (0.,0., 1.," [4 4] 0" ," blac k " )

c dr aw str aight line, speci�e d origin 350
call Gablinr (avelp ,DCslop e, tcen t , 1.0, " [ ] 0" ," red " )

c dr aw mar gin text
call Gm text (1,4.,SlpLbl )
psDpY = phslp *365.25/ 
oat (nstep )
write (*,*) " tcen t ,psDpY " ,tcen t ,psDpY
write (SlpLbl ," ( 'Phase Slope' ,f7 .2,' arcSec/year from Julian' )" )

1 psDpY *3600.
call blank1 (SlpLbl ,SlpLbl )
call sdplot (tout (1), phplt (1), ncdm ,ttl ( j ), tlb l ," Ph ase, degrees " , 360

+ ph t )
call Gablinr (aph , psDpY , tcen t , 1.0, " [ ] 0" ," red " )
call Gm text (1,4.,SlpLbl )
call sdplot (tout (1), amp (1), ncdm ,ttl ( j ), tlbl ," Amp litu de" , ph t )
call detrnd (amp (1), rsd (1), ncdm ,avamp ,ampslp )
ampslp = ampslp *365.25/ 
oat (nstep )

write (SlpLbl ," ( 'Av. Amp',f7 .2,'C, Trend' ,f7 .2,' deg.C/century' )" )
1 avamp , 100.*ampslp

call Gablinr (avamp ,ampslp , tcen t , 1.0, " [ ] 0" ," red " )
call blank1 (SlpLbl ,SlpLbl ) 370
call Gm text (1,4.,SlpLbl )
call cm4pp (rsd ,ncdm ,avjunk ,VarAmp ," Amplitude Residuals " )
Tlen = 
oat (ndata )/365.25
write (*, " ( '>< ' ,a8,' L' ,1p3e12.4,3(1x,a8,1p3e12.4))" ) StnID

1,Tlen , Ga ve,Gv ar , " Lo wP ass" ,avelp ,DCslop e,VarLo wP
2," Phase " ,aph , phslp ,PhV ar ," Ampl ." ,avamp ,ampslp ,VarAmp

c spectrum smoother (driver routine)
call llftr ( lpf ,lpf ,0,ncdm +1, '-' ,'-' ,'-' ,nehDMs ,2)
call llftr (amp ,amp ,0,ncdm +1, '-' ,'-' ,'-' ,nehDMs ,2) 380
call llftr (phse ,phse ,0,ncdm +1, '-' ,'-' ,'-' ,nehDMs ,2)

c cubic spline �t
call cspin (tout ,lpf ,ncdmp2 ,t ,LPI ,ndata )
call cspin (tout ,amp ,ncdmp2 ,t ,ALI ,ndata )
call cspin (tout ,phse ,ncdmp2 ,t ,PLI ,ndata )

do 90 n = 1, ndata
ac = odt * 
oat (mo d(n � 1,1461))
Clim (n ) = LPI (n ) + ALI (n )* cos(ac+ DtoR *PLI (n ) ) 390

90 rsd (n ) = xd (n ,j ) � Clim (n )

write (*,*) ""
write (*,*) ""
write (*,*) ""

call sdplot (t (1), xd (1,j ),nplot , ttl ( j ), tlbl ," Data and Fit " , ph t )
call Gline (t (1), Clim (1), nplot , 1,2, 1.0," [ ] 0" ," red " )
call sdplot (t (1), rsd (1), nplot ,ttl ( j ), tlbl ," Residu al " , ph t )

400
c multi-window spectrum data set initialize

call mwsdsi (cb (1,j ,1),par (1,j ,1),rsd (1),
+ nrma v ,nprin t ,ttl ( j ), j )

c single-series MW ESA driver
call mwesa2(rsd (1), cb (1,j ,1),par (1,j ,1),

+ Sav (nbfrlo ,j ,1),Sav (nbfrlo ,j ,1))
c Multi-Window Spectrum routines Data Set Release

call mwsdsr (cb (1,j ,1),par (1,j ,1),Sav (nbfrlo ,j ,1),nsect ,j )

nfreq = nbfrhi + 1 � nbfrlo 410
call xaxisa (freq l ,nfreq ,delf * 
oat (nfrlo ),delf )

c nqaxis = normal axis gener ator
call nqaxis (QNmsc , nfreq )
fmxbin = 
oat (mxbin )
delmsc = 1./ 
oat (mxbin )

do 2000 n = 0, mxbin
2000 msclvl (n ) = delmsc * 
oat (n )

len plot = min (nbfrhi , ndata ) 420



46

c |||||||||||||||||{
nprn t = 5
nar = 10

c calculate pr ewhitening �lter
call p ef8gn (Sav (1,j ,1),nfrlo ,nfrhi � 1,delf ,ntrf ,ttl ,.true .,nprn t

1," �xed " ,p ef8 ,maxlag ,nar ,prv ar ,sc,p c," skip "
2,nfrlo ,nfrhi ,ntrf )

write (*,*) " prv ar " , prv ar
snrm = prv ar *dtSec 430

c apply pr ewhitening �lter
do 2400 n = nfrlo , nfrhi
sc(n ) = sc(n )* snrm

2400 Spw (n) = Sav (n ,j ,1)/ sc(n )

call plplot ( freq l (2), Spw (1), nfrhi � 1,
+ " Sp ectrum Estimate � Prewhitened � AR � 10" , ttl ( j ),
+ " Frequency Plot " , " Freq (Hz )" , " Sp ectrum " )

440
do 2590 tmp =10000, 70000, 10000

call plplot ( freq l (tmp � 10000+2), Spw (tmp � 9999), tmp ,
+ " T emp erature Sp ectrum Estimate � Prewhitened � AR � 10" , ttl ( j ),
+ " Piece � wise Frequency Plots " ," Freq (Hz )" , " Sp ectrum " )

2590 con tin ue

c ||||||||||||||||||||-

nprn t = 5
c numb er AR-x 450

nar = 15
c calculate pr ewhitening �lter

call p ef8gn (Sav (1,j ,1),nfrlo ,nfrhi � 1,delf ,ntrf ,ttl ,.true .,nprn t
1," �xed " ,p ef8 ,maxlag ,nar ,prv ar ,sc,p c," skip "
2,nfrlo ,nfrhi ,ntrf )

write (*,*) " prv ar " , prv ar
snrm = prv ar *dtSec

c apply pr ewhitening �lter
do 2600 n = nfrlo , nfrhi 460
sc(n ) = sc(n )* snrm

2600 Spw (n) = Sav (n ,j ,1)/ sc(n )

call plplot ( freq l (2), Spw (1), nfrhi � 1,
+ " Sp ectrum Estimate � Prewhitened � AR � 15" , ttl ( j ),
+ " Frequency Plot " , " Freq (Hz )" , " Sp ectrum " )

do 2690 tmp =10000, 70000, 10000
call plplot ( freq l (tmp � 10000+2), Spw (tmp � 9999), tmp ,

+ " T emp erature Sp ectrum Estimate � Prewhitened � AR � 15" , ttl ( j ), 470
+ " Piece � wise Frequency Plots " ," Freq (Hz )" , " Sp ectrum " )

call Gvline (x l , 20, 1.5, " [4 4] 0" , " red " )
2690 con tin ue

c=================== ==== === === === === === === === === === === === === === ==== === === ==

nprn t = 5
c numb er AR-x

nar = 15
c calculate pr ewhitening �lter 480

call p ef8gn (Sav (1,j ,1),nfrlo ,nfrhi � 1,delf ,ntrf ,ttl ,.true .,nprn t
1," scan " ,p ef8 ,maxlag ,nar ,prv ar ,sc,p c," skip "
2,nfrlo ,nfrhi ,ntrf )

write (*,*) " prv ar " , prv ar
snrm = prv ar *dtSec

c apply pr ewhitening �lter
do 2700 n = nfrlo , nfrhi
sc(n ) = sc(n )* snrm

2700 Spw (n) = Sav (n ,j ,1)/ sc(n ) 490

call plplot ( freq l (2), Spw (1), nfrhi � 1,
+ " Sp ectrum Estimate � Prewhitened � AR � Scan " , ttl ( j ),
+ " Frequency Plot " , " Freq (Hz )" , " Sp ectrum " )

do 2790 tmp =10000, 70000, 10000
call plplot ( freq l (tmp � 10000+2), Spw (tmp � 9999), tmp ,

+ " T emp erature Sp ectrum Estimate � Prewhitened � AR � Scan " , ttl ( j ),
+ " Piece � wise Frequency Plots " ," Freq (Hz )" , " Sp ectrum " )

2790 con tin ue 500

do 2800 cn t = nfrlo , nfrhi
SavPW (cn t ,j ) = Spw (cn t )

2800 con tin ue

c=================== ==== === === === === === === === === === === =
do 580 cn t =2, nbfrhi

Sav (cn t ,j ,1) = Sav (cn t ,j ,1)*( freq l (cn t )**(5./3.))
580 con tin ue

510
do 585 cn t =2, nbfrhi

if (Sav (cn t ,j ,1). le .1e� 14) then
Sav (cn t ,j ,1) = 1e� 16

endif
585 con tin ue

call plplot ( freq l (2), Sav (2,j ,1), 75000, " Sp ectrum Estimate " ,
+ ttl ( j ), " Frequency Plot " , " Freq (Hz )" , " Sp ectrum " )

do 590 tmp =10000, 70000, 10000 520
call plplot ( freq l (tmp � 10000+2), Sav (tmp � 10000+2,j ,1), tmp ,

+ " T emp erature Sp ectrum Estimate " , ttl ( j ),
+ " Piece � wise Frequency Plots " ," Freq (Hz )" , " Sp ectrum " )

590 con tin ue

600 con tin ue

c at this point, sdplots of both data points + individual plots + basic spectrum
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c + ftest for each have been done
c ===================== === === ==== === === === === === === === === == 530

c Note that fr om her e on is meaningless in the context of this pr oject
c {> this is code that was begun to al low for coher ence calculations
c
c For each set, loop thr ough

do 7070 n1 = 1, nsets � 1
do 7070 n2 = n1 +1, nsets

c jkc oh = jack-knife d coher ence test
call jk coh (n1 ,n2 ,ttl (n1 ), ttl (n2 ),btl ,1,nsav , nehlim ,nehc ,ip cor 540

+, " rnd " ,npmsc ,fr ,tnorm ,NTmsc ,NTv ar ,msc ,tau ,ph ,ph var , lc ,lp )

c cm4pp = Centr al 4 moments & extr emes
call cm4pp (NTmsc ,nfreq ,avmsc ,varmsc ," NT MSC " )
fnm = 
oat (nord � 1)
sigout = 0.95
clip = 1. � (1.� sigout )**(1./ fnm )
write (*,*) " sigout , clip " , sigout , clip

c pk�nd = Peak Picker (pk�nd.f ) 550
call pk�nd (msc ,nbfrlo ,nbfrhi ,clip ,np eak ,pkindx ,PkMSC )

do 5000 j = 1, np eak
n = pkindx (j )
pval = 100.0*(1.� (1.0� msc (n ))** fnm )
phsd = sqrt (ph var (n ))

5000 write (*, " ( i6 ,f7 .4,f10 .5,f10 .4,2f7.1,2x,a24 ,' PKMSC')" ) n ,fr (n )
+, msc (n ),ph (n ),phsd ,pval ,Ptag

c movefr = moves N items fr om A to B 560
call mo vefr (nfreq , NTmsc , Csrt )

c srtar = sort items into ascending or der
call srtar (Csrt , 1, nfreq )

c pdplot = Ful l page data plot
call p dplot (QNmsc ,Csrt ,nfreq ,ttl (n1 ), ttl (n2 ),btl

+, " Normal Quan tiles " ," Sorted Normal T ransform of MSC " )

c setr = sets N items in V to B
call setr (1+ mxbin , 0.0, msc h) 570
mmx = 0

do 650 n = nbfrlo , nbfrhi
m = max (0, min (mxbin , nin t (msc (n )* fmxbin ) ) )
mmx = max (mmx , m )

650 msc h(m ) = msc h(m ) + 1.0

call p dplot (msclvl ,msc h ,1+ mmx ,ttl (n1 ), ttl (n2 ),btl
+, " magnitude � squared coherence " ," Histogram " )

580
do 780 
o = 0.2, 4.2, 1.0

fhi = 
o + 1.4

nlo = 1 + nin t (
o / dfUHz )
nhi = i�x (fhi / dfUHz )
np = nhi + 1 � nlo
call p dplot (fr (nlo ),msc (nlo ),np ,ttl (1),ttl (2),btl ,frl bl

+ ," Magnitude � Squared Coherence " )
call Gablin (0.28, 0., 1.," [3 3] 0" ," red " )

780 con tin ue
590

CX cal l pdplot(fr(n50),ph(n50),np,ttl(1),ttl(2),btl,frlbl
CX +,\Phase in Degrees")

nrun = 1
Qcut =0.5
dela yS = 0.
Dela yA = 0.
dela yT = dela yA
dela yX = dela yT / frscl
write (*,*) " tStrtDly " , tStrtDly ," dela yS " ,dela yS 600

+, " dela yA " ,dela yA ," dela yX " ,dela yX ," dela yT " ,dela yT

write (dtl ," ( 'Delay at c' ,f10 .0,' data offset' ,f10 .0,
+ ' diff' ,f10 .0,' Test at' ,f10 .0,' s ' )" ) dela yS ,
+ tStrtDly , Dela yA , Dela yT

call blank1 (dtl ,dtl )

c condhg = Conditione d phase plot, histo gram
call condhg (fr ,msc ,ph ,PhV ar ,nbfrlo ,nbfrhi ,ttl (1), ttl (2)

+, dtl ,frlbl ,Qcut ,nrun ,iw ork ,frpk ,pkph ,W1 ,np eak , dela yX ) 610
n50 = nfrlo

c condpp = Conditione d phase plot
call condpp (fr (n50 ),msc (n50 ),ph (n50 ),PhV ar (n50 )

+, nfrlo ,nfrhi ,ttl (1), ttl (2)
+, btl ,frlbl ,Qcut ,nrun ,iw ork ,frpk ,pkph ,W1 ,np eak )

dela yH = real (max (p o�set1 , p o�set2 ) � min (p o�set1 , p o�set2 ))
dela yS = dela yH *3600.
pslpuHz = dela yS *360.0/ frscl 620
write (*,*) " Dela y in hours " ,dela yH ," Phase slop e"

+, pslpuHz ," degrees / uHz "
Ffold = frscl /86400.0
Fn yq = Ffold /2.0
write (*,*) " Ffold ,Fn yq " ,Ffold ,Fn yq
PNyq = pslpuHz *Fn yq
write (*,*) " PNyq " ,PNyq
Plst = 0.

do 7040 m = 1, mxalias 630
fab = FNyq * 
oat (m )
Pab = fab *pslpuHz
if (mo d(m ,2).eq .1) then

falo (m ) = 0.
fahi (m ) = Fn yq

else
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falo (m ) = Fn yq
fahi (m ) = 0.

endif
palo (m ) = Plst 640
pahi (m ) = Pab
Plst = Pab
mm = i�x (Pab /360.0)
if (mm .ne .0) then

palo (m ) = palo (m ) � 360.*
oat (mm )
pahi (m ) = pahi (m ) � 360.*
oat (mm )

endif
write (*,*) " m ,fab ,Pab ,falo (m ), fahi (m ),mm ,palo (m ),pahi (m )"

+ ,m ,fab ,Pab ,falo (m ), fahi (m ),mm ,palo (m ),pahi (m )
7040 con tin ue 650

c Gsegmt = Gr aphics segment (Gse gmt.m4)
call Gsegm t (falo ,palo , fahi ,pahi , mxalias , 1,2, 1.0

+, " [4 4] 2" ," blue " )
call adstoa (palo ,palo ,mxalias ,360.0)
call adstoa (pahi ,pahi ,mxalias ,360.0)
call Gsegm t (falo ,palo , fahi ,pahi , mxalias , 1,2, 1.0

+, " [4 4] 2" ," green " )
660

do 7042 m = 1, np eak
7042 write (*, " ( i3 ,f8 .4,2f8.2)" ) m ,frpk (m ),pkph (m ),sqrt (W1 (m ))

7070 con tin ue
c==================== === === === === ==== === === === === =

9000 end

c==================== === === === === ==== === === === === ==
670

c Subr outine GetT empD
c Cr eated: January 20th, 2005
c Mo di�e d: Mar ch 16, 2005
c By: Wesley Burr
c

subroutine GetT empD (fname , xd , yr st )

real xd (*)
in teger cn t , yr st 680
character fname *13, yr *5

write (*,*) '==============================='

write (*,*) 'Opening file: ' , fname
in�le = 2
cn t = 0

op en (in�le , �le = fname , iostat = n , status = 'old' ,
+ access= 'sequentia l' , form = 'formatted' ) 690

rewind in�le

write (*,*) 'File opened: ' , fname

c determine last data entry
do 5 cn t =1, 200000

read (in�le , '(A)' , end =6) ttl
5 con tin ue

6 end f = in t (cn t � 1) 700
goto 7
con tin ue

7 rewind in�le

c the �rst entry in the left column is the start year
c i.e. 1752
c now actual ly bring in the data, sinc e we know how many days ther e ar e,
c and we assume contiguous years fr om those days

710
write (*,*) " Num b er of Years : " , in t (end f /365)
write (*,*) " T otal Da ys : " , in t (end f )

read (in�le ," (I5 F5 .1)" ) yr st , xd (1)

do 1900 cn t = 2, end f
read (in�le ," (5X, F5 .1)" ) xd (cn t )

1900 con tin ue
720

close (in�le )

c jump to end of pr ogram
goto 2000

2000 con tin ue
return
end

c=================== ==== === === === === === === === === === === === 730

in teger function JDfYMD (Y ,M ,D )
in teger Y , M , D

c
c Formula 12.92-1 fr om Explanatory Supplement to the Ephemeris
c K. Seidelmann (Ed.), 1992, page 604
c

JDfYMD = ( 1461 * ( Y + 4800 + (M � 14)/12))/4
1 + ( 367 * ( M � 2 � 12*(( M � 14)/12)))/12
2 � (3*(( Y + 4900 + (M � 14)/12)/100)) + D � 32075 740

return
end

c=================== ==== === === === === === === === === === === ===
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subroutine plplot (x ,y ,ndata ,ttl ,stl ,btl ,xl ,yl )
real x (ndata ),y (ndata )
character ttl *(*), stl *(*), btl *(*), xl *(*), yl *(*)
in teger ndata
write (*,*) " In plplot " 750
call Gframe (idpg )
call Gdr�g (0.,1.,0.,1., 'norm' )
write (*,*) " Graphics page " ,idpg ," " ,ttl
call xymnmx (x ,y ,ndata , xmn ,xmx , ymn ,ymx )

write (*,*) " after minmax "
kiy = 10
call GBuxly (x ,y ,ndata ,'plplot' ,stl ,xl ,yl ,xmn ,xmx ,ymn ,ymx ,kiy )
write (*,*) " after GBuxly "
call Gm text (3,2.5,ttl )

call Gm text (1,4.,btl ) 760
return

end
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