
P
yC

lim
ate:

A
P

ython
B

asedToolkit
for

the
A

nalysis
ofLarge

A
tm

ospheric
and

O
ceanicD

ata
S

ets.

Jon
Sáenz,Jeśus

F
ernándezand

Juan
Z

ubillaga

U
niversity

ofthe
B

asqueC
ountry

28th
F

ebruary
2000



C
ontents:

�

D
etectionand

attribution
ofhum

an–inducedclim
ate

change

�

A
variety

oflarge
instrum

entalorm
odelling

datasets

�

A
P

ython–basedapproachto
dataanalysis

1.
H

andling
datasetsunderheterogeneousform

ats

2.
H

eavy
useofeigenvalue

techniques

�

O
verview

ofP
yC

lim
ate

�

E
xam

plesofactualusesofP
yC

lim
ate

�

N
ew

challengingtasks



T
he

analysisofthe
clim

ate
system

G
lobalw

arm
ing

during
the

lastC
entury

M
ulti–proxy

approachto
tem

peraturechange(M
ann

etal.,1998):

�

S
edim

entcores

�

B
oreholetem

peratures

�

Isotopicconcentrations( ���
)

�

D
endrocronology

-0.6

-0.4

-0.2 0

0.2

0.4

0.6

0.81400
1500

1600
1700

1800
1900

2000

N
H

-R
ec (M

ann et al., 1998)
N

H
-O

bs (M
ann et al., 1998)



T
he

analysisofthe
clim

ate
system

S
patialand

tem
poralvariability

ofclim
ate

V
ariationsare

notequaloverthe
w

hole
E

arth
(i.e.G

IS
S

tem
p).S

ystem
is

3–D
.



T
he

analysisofthe
clim

ate
system

C
oupled

variability
ofdifferentsubsystem

s

M
utualinfluencesbetw

eendifferentsubsystem
softhe

clim
ate

system
.

�

A
tm

osphere–
O

cean

�

O
cean–

C
ryosphere

�

C
ryosphere–

A
tm

osphere



T
he

analysisofthe
clim

ate
system

D
ifferentscalesofm

otion

D
ifferentsubsystem

sshow
differentscalesofm

otion.Inside
eachofthe

subsystem
s,non–linearbehaviourm

eansa
basicallycontinuousspectrum

.

D
ifferentphysicalprocessesshow

differentfrequencies.

�

B
aroclinic

perturbations

�

M
adden–JulianO

scillation

�

Internalgravity
w

avesversusR
ossbyw

aves

�

Low
–frequency

variability

–
E

N
S

O

–
N

A
O

N
eedto

filter
outspuriousfrequencies.



D
ata

sets

V
ariety

ofdata
sets

D
ifferentform

atsare
very

com
m

on:

�

A
S

C
II

�

N
ative

(low
–endianorbig–endian)binary

�

netC
D

F

�

G
R

IB

�

H
D

F,���

It
is

difficultto
accessallofthem

from
a

low
levelprogram

m
inglanguage.



D
ata

sets

H
uge

data
sets

D
ata

setsare
huge:

	

N
C

E
P

–R
eanalysis,52

years,6-hourly
data,1

verticallevel,1
variable(1.6G

b)

	

S
eaS

urfaceTem
perature,m

onthly
data,1860–(200

M
b)

	

H
igh

resolutionglobalm
odeloutput,10–ensem

blew
interruns,9

vertical

levels,12
hourly

data,2
selectedvariables(2

G
b).

It
is

necessaryto
usea

properstrategy
to

be
able

to
handlethis

am
ountofdata.



P
ython–basedapproach

to
data

analysis

W
hat

is
P

ython?



F
reeand

m
ultiplatform

interpreted
object–orientedhigh

levellanguagew
ith

dynam
icsem

antics,nam
espaces,nam

edexceptions,��� .




A
llo

w
s

com
plex

(built–in
and

user–defined)datatypesand
supportsO

bject

O
rientedP

rogram
m

ing(polym
orphism

,operatoroverloadingand
m

ultiple

inheritance).




P
rogram

sare
easyto

read,w
rite

and
debug.Fastdevelopm

entcycle.




E
asyto

learn.V
ery

interestingfor
teachingstudentshow

to
program

.




E
asily

extensibleand
em

beddable.Fullaccessto
alm

ostany
externaldevice,

library
and

system
call.



P
ython–basedapproach

to
data

analysis

P
ython

and
scientific

com
puting

�

N
um

P
y

(N
um

ericalP
ython)is

an
efficientC

im
plem

entationofthe
tasks

neededfor
scientificcom

putingaccesiblefrom
the

high
levelP

ython
language.

�

P
ython

is
interpreted,butN

um
P

y
is

com
piledand

perform
sfastfor

num
erical

tasks.S
upportofdifferentnum

ericalprecisions(F
l
o
a
t
3
2

,I
n
t
8

, 




).

�

S
upportofgeneralpurposelibraries(LA

,
F

F
T,R

N
G

,specialfunctions).

�

P
ython

is
extensible.N

ew
librariescan

be
createdin

C
,C

+
+

,Fortran,

com
piledassharedlibrariesand

integratedaspackagesinto
the

interpreter.

�

P
ython

can
be

em
beddedinto

scientificapplicationsto
m

ake
them

program
m

able.



P
ython–basedapproach

to
data

analysis

P
ython

versusC
,C

+
+

,F
ortran

�

E
xecutiontim

e
is

som
ew

hatshorterusing
F

77,C
,C

+
+

�

D
evelopm

enttim
e

is
m

uch
shorterusing

P
ython

�

M
aintaining

and
upgradingP

ythonsoftw
are

is
easier

T
herefore,thereis

a
trade–offbetw

eenexecutiontim
e

and
developing

tim
e.B

oth

tim
esshouldbe

consideredasa
w

hole
partofthe

life
cycle

ofan
application.

P
ython

can
be

extended.C
riticalpartsofthe

codecan
be

w
ritten

using
F

77,C
,...

N
um

P
y

providesa
com

pletefram
ew

ork
for

array–basedoperations.



H
andling

data
sets

A
ccessingdata

under
G

R
IB

form
at

d
e
f

g
e
t
f
i
e
l
d
(
i
f
i
l
e
,
s
h
a
p
e
)
:

d
a
t
a
s
t
r
=
i
f
i
l
e
.
r
e
a
d
(
s
h
a
p
e
[
0
]
*
s
h
a
p
e
[
1
]
*
4
)

r
e
t
u
r
n
f
r
o
m
s
t
r
i
n
g
(
d
a
t
a
s
t
r
,
F
l
o
a
t
3
2
)

d
e
f

c
o
n
v
e
r
s
i
o
n
(
f
i
l
e
,
a
v
e
v
a
r
,
v
a
r
v
a
r
)
:

o
s
.
s
y
s
t
e
m
(
"
w
g
r
i
b
%
s
|
w
g
r
i
b

-
i

%
s

-
b
i
n
>
/
d
e
v
/
n
u
l
l
"
%
(
f
i
l
e
,
f
i
l
e
)
)

i
f
i
l
e
=
o
p
e
n
(
"
d
u
m
p
"
,
"
r
"
)

f
o
r
i
m
o
n

i
n

x
r
a
n
g
e
(
1
2
)
:

a
v
e
v
a
r
[
o
r
e
c
]
=
g
e
t
f
i
e
l
d
(
i
f
i
l
e
,
a
v
e
v
a
r
.
s
h
a
p
e
[
1
:
]
)

v
a
r
v
a
r
[
o
r
e
c
]
=
g
e
t
f
i
e
l
d
(
i
f
i
l
e
,
v
a
r
v
a
r
.
s
h
a
p
e
[
1
:
]
)

f
i
l
e
s
=
g
l
o
b
.
g
l
o
b
(
"
1
9
*
h
g
t
5
0
0
"
)

f
o
r

f
i
n

f
i
l
e
s
:

c
o
n
v
e
r
s
i
o
n
(
f
,
a
v
e
v
a
r
,
v
a
r
v
a
r
)



H
andling

data
sets

R
eplicating

netC
D

F
files

(I)

#
d
i
m
e
n
s
i
o
n
s
:

#
t
i
m
e
=

U
N
L
I
M
I
T
E
D

;
/
/

(
6
2
4

c
u
r
r
e
n
t
l
y
)

#
l
a
t
=

7
3

;

#
l
o
n
=

1
4
4

;

#
v
a
r
i
a
b
l
e
s
:

#
d
o
u
b
l
e
t
i
m
e
(
t
i
m
e
)

;

#
t
i
m
e
:
u
n
i
t
s

=
"
h
o
u
r
s

s
i
n
c
e

1
9
4
8
-
0
1
-
1
5
"
;

#
f
l
o
a
t
l
a
t
(
l
a
t
)

;

#
l
a
t
:
u
n
i
t
s

=
"
d
e
g
r
e
e
s
_
N
o
r
t
h
"

;

#
f
l
o
a
t
l
o
n
(
l
o
n
)

;

#
l
o
n
:
u
n
i
t
s

=
"
d
e
g
r
e
e
s
_
E
a
s
t
"

;

#
f
l
o
a
t
H
G
T
(
t
i
m
e
,

l
a
t
,

l
o
n
)

;

#
H
G
T
:
m
i
s
s
i
n
g
_
v
a
l
u
e

=
9
.
9
9
9
e
+
2
0
f

;

#
/
/

g
l
o
b
a
l
a
t
t
r
i
b
u
t
e
s
:

#
:
C
o
n
v
e
n
t
i
o
n
s

=
"
C
O
A
R
D
S
"

;



H
andling

data
sets

R
eplicating

netC
D

F
files

(II)

f
r
o
m

p
y
c
l
i
m
a
t
e
.
n
c
s
t
r
u
c
t
i
m
p
o
r
t

*

f
r
o
m

S
c
i
e
n
t
i
f
i
c
.
I
O
.
N
e
t
C
D
F
i
m
p
o
r
t

*

d
i
m
s
=
(
"
t
i
m
e
"
,
"
l
a
t
"
,
"
l
o
n
"
)
#

C
o
p
y

d
i
m
e
n
s
i
o
n
s

v
a
r
_
s
t
r
=
d
i
m
s
+
(
"
H
G
T
"
,
)
#

C
o
p
y

d
i
m
s
,

a
t
t
r
s

v
a
r
_
a
l
l
=
d
i
m
s
[
1
:
]
#

C
o
p
y

d
i
m
s
,

a
t
t
r
s
,

d
a
t
a

i
n
c
=
N
e
t
C
D
F
F
i
l
e
(
"
n
c
e
p
H
G
T
5
0
0
m
o
n
t
h
l
y
.
n
c
"
)

o
n
c
=
n
c
c
o
p
y
s
t
r
u
c
t
(
"
h
g
t
D
J
F
.
n
c
"
,
i
n
c
,

d
i
m
s
,
v
a
r
_
s
t
r
,
v
a
r
_
a
l
l
)



E
igenvalue

techniques

S
patialand

tem
poralvariability

Let��������

be
a

scalarfield.W
e

are
interestedin

its
decom

positionas

�� �������
�������

�� �� �
!� �� �!���� .

K
arhunen–Lòeve

expansionof�
+

discretization+
truncationgive

the
eigenvalue

problem
:

�! �� "
�!$#%� �!� �
&% #%����� �

w
ith #%����� �

�%� �����'
(�) (� *+.

T
he

tim
e

series�! (P
C

s)and
the

eigenvalues�!� ��
(E

O
F

s)allow
us

to
describethe

tem
poraland

spatialvariability
ofthe

m
ostim

portantm
odesofthe

field.



E
igenvalue

techniques

E
O

F
analysisby

m
eansofS

V
D

(singular
covariance

m
atrix)

Let ,

be
a

(centered) -
./

m
atrix

ofdata( /
0
-

)
and132

45 ,76
,

the

correspondingcovariancem
atrix.

Let 8

be
the

m
atrix

w
ith

orthogonaleigenvectorsofthe
covariancem

atrix
as

colum
ns;1 8 2

89

,: 2
,8

,, 2
: 8 6

,and9

a
diagonalm

atrix.

V
ar; :< 2

=- : 6
: 2

=- 8 6
, 6
,8 2
8 6
1 8 2
8 6
89 2
9

U
sing

the
S

V
D

decom
positionofthe

datam
atrix , 2

>?
@ 6

,then

1 2
45 @ ?

> 6
>?
@ 62
45 @ ?
A@ 6

.
T

hus,1@ 2
@ 9

if 9 2
BDC5

and@ 2
8

.
W

e

also
get: 2

,8 2
>?
@ 6
8 2
>?

.



E
igenvalue

techniques

Linearly
coupled

variability
ofsubsystem

s.S
V

D
and

C
C

A
analysis

LetE
F

GIHJKL M
andN

F
G O JKQPM

be
centereddatam

atricescorrespondingto
different

subsytem
softhe

clim
ate

system
(e.g.S

S
T

and
geopotentialheight)w

ith

R F
STTTU

the
sam

ples,V F
STTT
W

the
num

berofoceangrid
pointsand

X F
STTTY

the
num

berofatm
osphericgrid

points.

Z[\ F
]D^
_`
F
a b
c

givesleft(a
)

and
right(c

)
singularvectorsw

hich
explain

the
m

axim
um

covariance
betw

eenboth
fields.

S
im

ilarly,w
e

can
transform E

and N
into

theirE
O

F
space,scalethem

using
the

eigenvalues,so
thatE

Fd e
fFgh f

andN
Fikj
fFlm f

,w
ithgn FdnoIp

n and
so

on.U
sing

the
S

V
D

ofZqr
F
s b
tu

,w
e

can
gets

andu

to
obtain

patterns

w
hich

explain
m

axim
um

correlation
betw

eenboth
fields.



http://w
w

w
.pyclim

ate.org

O
verview

ofP
yC

lim
ate

pyclim
ate

is
a

P
ython

packagew
hich

perform
sseveraltasksusefulfor

the
analysis

ofclim
ate

variability.
C

urrently,it
offers:

v

F
unctionsto

readA
S

C
IIdataasN

um
ericalarrays.

v

F
unctionsto

replicatethe
structureofa

N
etC

D
F

file.

v

F
unctionsand

classesto
handlem

onthly
tim

e
steps.

v

A
P

ython
interfaceto

the
library

D
C

D
F

LIB
.C

v

E
O

F
and

S
V

D
analysis.

v

M
ultivariatedigitalfilters.K

olm
ogorov–Z

urbenko
and

Lanczos.

v

D
ifferentialoperatorsin

sphericalcoordinates.

v

K
ernel–basedprobability

densityfunction
estim

ation(univariateand
m

ultivariate).



http://w
w

w
.pyclim

ate.org

Interface
to

D
C

D
F

LIB
.C

pyclim
ate

includesan
interfaceto

D
C

D
F

LIB
.C

,a
C

library
for

directand
inverse

com
putationsofparam

etersofseveralstatisticaldistribution
functions(w

,binom
ial,

negative
binom

ial,xzy

,non–centralx y
,{

,non–central{

,|

,N
orm

al,P
oisson,} ,

non–central} ).
O

riginalC
prototypein

D
C

D
F

LIB
.C

:

v
o
i
d

c
d
f
c
h
i
(
i
n
t
*
w
h
i
c
h
,
d
o
u
b
l
e

*
p
,
d
o
u
b
l
e

*
q
,
d
o
u
b
l
e

*
x
,
d
o
u
b
l
e
*
d
f
,

i
n
t

*
s
t
a
t
u
s
,
d
o
u
b
l
e

*
b
o
u
n
d
)
;



http://w
w

w
.pyclim

ate.org

A
ccessto

D
C

D
F

LIB
.C

from
P

ython
(I)

/
*
*
*

W
r
a
p
p
e
r
f
o
r

c
d
f
c
h
i
(
)

*
*
*
/

t
y
p
e
d
e
f
s
t
r
u
c
t

{

i
n
t
w
h
i
c
h
;

d
o
u
b
l
e
p
;

d
o
u
b
l
e
q
;

d
o
u
b
l
e
x
;

d
o
u
b
l
e
d
f
;

i
n
t
s
t
a
t
u
s
;

d
o
u
b
l
e
b
o
u
n
d
;

}
C
D
F
C
h
i
;

e
x
t
e
r
n
i
n
t

p
y
c
d
f
c
h
i
(

C
D
F
C
h
i

*
s
p
t
r

)
;



http://w
w

w
.pyclim

ate.org

A
ccessto

D
C

D
F

LIB
.C

from
P

ython
(II)

f
r
o
m

p
y
c
l
i
m
a
t
e
.
p
y
d
c
d
f
l
i
b
i
m
p
o
r
t

*

c
h
t
a
b
=
[
]

f
o
r

i
i
n

x
r
a
n
g
e
(
3
)
:

c
h
i
2
=
C
D
F
C
h
i
(
)

c
h
i
2
.
w
h
i
c
h
,
c
h
i
2
.
p
=
2
,
0
.
9
+
i
*
0
.
0
2
5

c
h
t
a
b
.
a
p
p
e
n
d
(
c
h
i
2
)

f
o
r

d
f
i
n

x
r
a
n
g
e
(
5
,
3
0
)
:

p
r
i
n
t
"
%
6
d
"
%
(
d
f
,
)
,

f
o
r
c
h

i
n

c
h
t
a
b
:

c
h
.
d
f
=
d
f

p
y
c
d
f
c
h
i
(
c
h
)

p
r
i
n
t

"
%
9
.
5
f
(
%
1
d
)
"
%
(
c
h
.
x
,
c
h
.
s
t
a
t
u
s
)
,

p
r
i
n
t



http://w
w

w
.pyclim

ate.org

E
igenvalue

techniques:E
O

F,S
V

D

pyclim
ate

providesm
odulesto

perform
:

~

E
O

F
analysis,getting

the
eigenvalues/eigenvectorsand

giving
num

erical

estim
ationsfor

truncationrules(B
artletttestand

M
onte

C
arlo

analysisbased

on
tem

poralsubsam
pling).It

is
basedon

the
S

V
D

decom
positionofthe

data

m
atrix.

~

S
V

D
decom

positionofthe
covariancem

atrix,obtainingthe
leftand

right

singularvectors,hom
ogeneousand

heterogeneouscorrelationm
aps,the

singularvalues,the
covarianceand

squaredcovariancefractionsand
M

onte

C
arlo

teston
the

reliability
ofthe

singularvectorsbasedon
tem

poral

subsam
pling.



E
xam

ples
C

om
putation

ofE
O

F
s

(I)

i
m
p
o
r
t
m
a
t
h

f
r
o
m

S
c
i
e
n
t
i
f
i
c
.
I
O
.
N
e
t
C
D
F
i
m
p
o
r
t

*

f
r
o
m

p
y
c
l
i
m
a
t
e
.
s
v
d
e
o
f
s
i
m
p
o
r
t

*

f
r
o
m

p
y
c
l
i
m
a
t
e
.
n
c
s
t
r
u
c
t
i
m
p
o
r
t

*

i
n
c

=
N
e
t
C
D
F
F
i
l
e
(
"
n
c
e
p
s
l
p
.
d
j
f
.
n
c
"
)

s
l
p

=
i
n
c
.
v
a
r
i
a
b
l
e
s
[
"
d
j
f
s
l
p
"
]

l
a
t
s

=
m
a
t
h
.
p
i
/
1
8
0
.
*
i
n
c
.
v
a
r
i
a
b
l
e
s
[
"
l
a
t
"
]
[
:
]

a
r
e
a
f
a
c
t
o
r
=

s
q
r
t
(
c
o
s
(
l
a
t
s
)
)

s
l
p
d
a
t
a
=

(
s
l
p
[
:
,
:
,
:
,
:
]

*

a
r
e
a
f
a
c
t
o
r
[
N
e
w
A
x
i
s
,
N
e
w
A
x
i
s
,
:
,
N
e
w
A
x
i
s
]
)

o
l
d
s
h
a
p
e
=

s
l
p
d
a
t
a
.
s
h
a
p
e

s
l
p
d
a
t
a
.
s
h
a
p
e
=

(
o
l
d
s
h
a
p
e
[
0
]
,

o
l
d
s
h
a
p
e
[
1
]
*
o
l
d
s
h
a
p
e
[
2
]
*
o
l
d
s
h
a
p
e
[
3
]
)
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C
om

putation
ofE

O
F

s
(II)

p
c
s
,

l
a
m
b
d
a
s
,
e
o
f
s

=
s
v
d
e
o
f
s
(
s
l
p
d
a
t
a
)

d
s

=
(
"
l
a
t
"
,
"
l
o
n
"
)

o
n
c

=
n
c
c
o
p
y
s
t
r
u
c
t
(
"
f
i
r
s
t
E
O
F
.
n
c
"
,

i
n
c
,

d
s
,

d
s
,

d
s
)

e
o
f
1

=
o
n
c
.
c
r
e
a
t
e
V
a
r
i
a
b
l
e
(
"
e
o
f
1
"
,

F
l
o
a
t
3
2
,

d
s
)

e
o
f
1
.
l
o
n
g
_
n
a
m
e
=

"
F
i
r
s
t

S
L
P

E
O
F
"

e
o
f
1
[
:
,
:
]
=

(
r
e
s
h
a
p
e
(
e
o
f
s
[
:
,
0
]
,

o
l
d
s
h
a
p
e
[
2
:
]
)

/

a
r
e
a
f
a
c
t
o
r
[
:
,
N
e
w
A
x
i
s
]

)
.
a
s
t
y
p
e
(
F
l
o
a
t
3
2
)

o
n
c
.
c
l
o
s
e
(
)

Input
file

size:1
M

b
A

lpha
W

orkstation
700M

H
z

190M
bR

A
M

:
0.06

sec.

Laptop
A

M
D

K
6

380M
H

z
64M

bR
A

M
:

0.55
sec.

P
entium

III
450M

H
z

512M
bR

A
M

:
0.19

sec.
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D
ifferentialoperators

over
the

sphere

T
hey

w
ork

overregularlongitude �

latitude
non–periodicgrids

arrangedasin
the

C
O
A
R
D
S

conventions.

�

T
he

horizontalcom
ponentofthe

gradientofa
scalar(i.e.geostrophicw

ind)

�

T
he

divergenceofa
tw

o–dim
ensionalvectorfield

(i.e.the
balanceE

vaporation

m
inusP

recipitationfrom
the

vertically
integratedm

oisturetransport)

�

T
he

verticalcom
ponentofthe

curlofa
vectorfield

(i.e.verticalvelocity
atthe

bottom
ofthe

oceanicE
km

anlayerdue
to

the
w

ind
stress)



E
xam

ples
U

se
ofdifferentialoperators

(I)

f
r
o
m

p
y
c
l
i
m
a
t
e
.
d
i
f
f
o
p
e
r
a
t
o
r
s
i
m
p
o
r
t

*

f
r
o
m

S
c
i
e
n
t
i
f
i
c
.
I
O
.
N
e
t
C
D
F
i
m
p
o
r
t

*

f
r
o
m

p
y
c
l
i
m
a
t
e
.
n
c
s
t
r
u
c
t
i
m
p
o
r
t

*

i
n
c

=
N
e
t
C
D
F
F
i
l
e
(
"
N
C
A
R
r
e
a
n
a
l
2
0
0
.
n
c
"
)

h
g
t

=
i
n
c
.
v
a
r
i
a
b
l
e
s
[
"
h
g
t
"
]

l
a
t
s

=
i
n
c
.
v
a
r
i
a
b
l
e
s
[
"
l
a
t
"
]

l
o
n
s

=
i
n
c
.
v
a
r
i
a
b
l
e
s
[
"
l
o
n
"
]

h
g
t
d
a
t
a
=

h
g
t
[
0
,
:
,
:
]

g
r
a
d

=
H
G
R
A
D
I
E
N
T
(
l
a
t
s
[
:
]
,

l
o
n
s
[
:
]
)

g
e
o
s
f
a
c
t
=

1
.
4
8
6
e
-
5

*
s
i
n
(
l
a
t
s
[
:
]

*
0
.
0
1
7
4
5
3
)

g
e
o
s
f
a
c
t
=

g
e
o
s
f
a
c
t
[
:
,
N
e
w
A
x
i
s
]
*
o
n
e
s
(
h
g
t
d
a
t
a
.
s
h
a
p
e
)

g
e
o
s
f
a
c
t
=

g
e
o
s
f
a
c
t

+
e
q
u
a
l
(
g
e
o
s
f
a
c
t
,

0
.
0
)

h
g

=
g
r
a
d
.
h
g
r
a
d
i
e
n
t
(
h
g
t
d
a
t
a
)

w
i
n
d

=
(
-
h
g
[
1
]
/
g
e
o
s
f
a
c
t
,

h
g
[
0
]
/
g
e
o
s
f
a
c
t
)
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U

se
ofdifferentialoperators

(II)

d
s

=
h
g
t
.
d
i
m
e
n
s
i
o
n
s

o
n
c

=
n
c
c
o
p
y
s
t
r
u
c
t
(
"
g
w
i
n
d
2
0
0
.
n
c
"
,

i
n
c
,

d
s
,

d
s
,

d
s
)

o
n
c
.
t
i
t
l
e
=

"
G
e
o
s
t
r
o
p
h
i
c

w
i
n
d
"

g
w
_
u

=
o
n
c
.
c
r
e
a
t
e
V
a
r
i
a
b
l
e
(
"
g
w
_
u
"
,

F
l
o
a
t
3
2
,

d
s
)

g
w
_
u
.
u
n
i
t
s
=

"
m
/
s
"

g
w
_
v

=
o
n
c
.
c
r
e
a
t
e
V
a
r
i
a
b
l
e
(
"
g
w
_
v
"
,

F
l
o
a
t
3
2
,

d
s
)

g
w
_
v
.
u
n
i
t
s
=

"
m
/
s
"

g
w
_
u
[
0
,
:
,
:
]
=

w
i
n
d
[
0
]
.
a
s
t
y
p
e
(
F
l
o
a
t
3
2
)

g
w
_
v
[
0
,
:
,
:
]
=

w
i
n
d
[
1
]
.
a
s
t
y
p
e
(
F
l
o
a
t
3
2
)

o
n
c
.
c
l
o
s
e
(
)

Input
file

size:20K
b

40M
b

A
lpha

W
orkstat.

700M
H

z
190M

bR
A

M
:

0.02
sec.

2’30”

Laptop
A

M
D

K
6

380M
H

z
64M

bR
A

M
:

0.3
sec.

3’18”
P

entium
III

450M
H

z
512M

bR
A

M
:

0.25
sec.

2’23”
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O
bserved

versuscom
puted

w
inds
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Linear
filters

for
huge

data
sets

G
iven

an
inputdataset�� ,a

generallinearfilter
involvesthe

operation:

����
�� � �

� �
� ��� �$�

T
his

basicoperationhasbeenim
plem

entedasa
baseclassw

hich
derivesdifferent

kinds
offilters

by
m

eansofthe
constructors(different��

coefficients).T
hus,the

basicfilter
can

be
easilyextendedby

redefiningthesecoefficients.

LinearF
ilter

K
Z

F
ilter

LanczosF
ilter
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U
se

oflinear
filters

(I)

i
m
p
o
r
t
m
a
t
h

f
r
o
m

p
y
c
l
i
m
a
t
e
.
L
a
n
c
z
o
s
F
i
l
t
e
r
i
m
p
o
r
t

*

t
w
o
p
i
=

2
.

*
m
a
t
h
.
p
i

d
e
f

f
(
x
)
:

r
e
t
u
r
n
s
i
n
(
t
w
o
p
i

*
0
.
0
1

*
x
)
+
0
.
7
5

*
s
i
n
(
t
w
o
p
i

*
0
.
0
5

*
x
)
+
\

0
.
5
0

*
s
i
n
(
t
w
o
p
i

*
0
.
2
0

*
x
)

a
=

f
(
a
r
r
a
y
r
a
n
g
e
(
1
0
0
0
)
)

#
[
f
(
0
)

f
(
1
)

.
.
.

f
(
9
9
9
)
]

a
.
s
h
a
p
e
=

(
1
0
0
0
,
1
)

n
p
o
i
n
t
s
=

5
0

l
p

=
L
a
n
c
z
o
s
F
i
l
t
e
r
(
’
l
p
’
,
0
.
0
2
5
,

0
.
0
2
5
,

n
p
o
i
n
t
s
)

b
p

=
L
a
n
c
z
o
s
F
i
l
t
e
r
(
’
b
p
’
,
0
.
0
2
5
,

0
.
0
8
,

n
p
o
i
n
t
s
)

h
p

=
L
a
n
c
z
o
s
F
i
l
t
e
r
(
’
h
p
’
,
0
.
1
8
,

0
.
1
8
,

n
p
o
i
n
t
s
)
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U
se

oflinear
filters

f
o
r

i
i
n

r
a
n
g
e
(
l
e
n
(
a
)
)
:

l
f
a
=

l
p
.
g
e
t
f
i
l
t
e
r
e
d
(
a
[
i
]
)

b
f
a
=

b
p
.
g
e
t
f
i
l
t
e
r
e
d
(
a
[
i
]
)

h
f
a
=

h
p
.
g
e
t
f
i
l
t
e
r
e
d
(
a
[
i
]
)

i
f

l
f
a
:

p
r
i
n
t
"
%
d

%
f

%
f

%
f
"
%
(

i
-
n
p
o
i
n
t
s
,

l
f
a
[
0
]
,

b
f
a
[
0
]
,

h
f
a
[
0
]
)

F
iltering

of1000
points:

A
lpha

W
orkstation

700M
H

z
190M

bR
A

M
:

0.5
sec.

Laptop
A

M
D

K
6

380M
H

z
64M

bR
A

M
:

2.8
sec.

P
entium

III
450M

H
z

512M
bR

A
M

:
0.72

sec.
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S
ynthetic

and
observed����

filtered
data

(2.5–10days)
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C
hallenging

tasks
O

utgoing
Longw

ave
R

adiation
and

the
N

A
O

�

Is
tropicalforcing

in
the

A
tlantic

to
triggeran

atm
osphericresponse?(D

ong
et

al.,2000)

�

In
the

A
tlantic

basin,nonlinearw
ave

interactionsare
m

ore
im

portantthan
tropicalforcing

(B
ladé,1999;H

ansenetal.,1997)

�

T
heoreticalbasis

1.
R

ossbysourceterm
:�3�

��I�
�I�� �
��

(S
H

,1988)

2.
C

onvective
anom

aliesoverthe
C

aribbeanare
able

to
produceeuroatlantic

blockings(F
M

P,1994)

3.
R

ossbyw
ave

propagation
dependson

the
zonalspeedathigh

levels
(H

endonetal.,2000)

4.
O

LR
is

a
good

proxy
for

tropicalconvection
(divergence)and

it
is

difficult
to

evaluateproperly�

in
the

T
ropics(H

Z
G

98;LM
G

K
W

M
98)



O
LR

–N
A

O

D
J

Z
onalw

ind
speedat200

hP
a



O
LR

–N
A

O

D
etection

m
ethod



O
LR

–N
A

O

R
ossbyw

avespropagatetow
ards

the
T

ropics
from

the
extratropics
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LB
L

W
hat

next?

A
C

T
S

(S
caLA

PA
C

K
,P

E
T

S
c,S

uperLU
,...)

K
.H

insen’s
S

cientific.M
P

I

K
.

H
insen’s

m
pipython

pyA
C

T
S

??? P
–pyclim

ate???
pyclim

ate
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C
onclusions

�

P
ython

is
a

pow
erfulfree

m
ultiplatform

high
levellanguage.

�

P
ython

is
extensibleand

hasa
fastN

um
ericalA

rray
extension.

�

T
hosefeaturesallow

fastdevelopm
entofcodefor

dataanalysis.

�

A
setofroutineshasbeendevelopedto

perform
som

efrequenttasksduring
the

analysisofclim
ate

datasets

�

T
hoseroutinesm

ake
easierfastdataanalysisofbig

datasets.

�

It
is

interestingto
getthis

com
putingparadigm

w
orking

underparallel

architectures,asw
ell,to

achieve
betterperform

ance..



LIN
K

S
�

http://w
w

w
.python.org

�

http://num
py

.sourceforge.org

�

http://w
w

w
.pyclim

ate.org


