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Professor of Philosophy and Director of the Turing Archive for the History of Computing, University of
Canterbury, Christchurch, New Zealand. Author of Artificial Intelligence and others. Weak Al
See Article History
Alternative Title: Al Simulation Of Expert systems
Artificial intelligence (AI), the ability of a digital computer or computer- intelli gence Game theory
controlled robot to perform tasks commonly associated with intelligent
beings. The term is frequently applied to the project of developing systems
endowed with the intellectual processes characteristic of humans, such as the
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“Machine learning is the field of study that gives computers the ability to
learn without being explicitly programmed”

— Arthur L. Samuel, Al pioneer, 1959

Machine learning, in artificial intelligence (a subject within computer
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Since an early flush of optimism in the 19505, smaller subsets of artificial intelligence - first machine learning, then
deep leaming, a subset of machine learning - have created ever larger disruptions.
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Types of Machine Learning
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y 2 (3’) ~N <0,<Ky K. )) Ky = k(X,X) =K
K** = K(X*’X*)
MZ22 x, 0 CHet = £

P XD = [PEILXPFIXDA = KTy
p(filX., X ¥) = N(filu., Z.) . = Ko — KKK, Noise variance
2 1 T ‘
RBF HZ 2 HJHEHZ K(Xi,X,-)=GTfeXp -5 (% — %) M(x —x) | + 076
Vertical scale M =172 orM =diag(l)~?
parameter X
N N Length scale parameter
= 1284 Xt
1.1 N
logp(y1X) = - y"Ky 'y — 5 log|K, | — —log(2m)
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Qutgoing Long wave Radiation (OLR)

Sea Surface Temperature (SST)

Precipitation (PRCP)

Snow Cover Extent (SCE)

500hPa & 850 hPa Geopotential Height (Z500, Z850)
Sea Ice Area (SIA)

NOAA Teleconnection, Atmospheric, and SST Indices
MME SST, PRCP, and Z500 for periods with no obs. data



A Home » ERSST_V3n
# Home » PSL Home » GPCP V2 Precipitation
©n this page: Temporal Coverage | Spatial Coverage | Levels | Update Schedule | Download/Plot Data | Analysis Tools

Restrictions | Details | Caveats | File Naming | Citation | References | Original Source | Contact On this page: Temporal Coverage | Spatial Coverage | Levels | Update Schedule | Dawnload/Plot Data | Analysis Tools

Restrictions | Details | Caveats | File Naming | Citation | References | Original Source | Cantact

Dty T 3 NOAA Extended Reconstructed Sea Surface GPCP Version 2.3 Combined Precipitation Data Set

91255 - 91.25N [.Jun 1974 - Mar 2021

1)) | NOAA NCEP CPC GLOBAL menthiy ofr |0 - —l— _t SST V5
e m p e ra U re ( ) Note: This dataset has been updated to version 2.3 and will be updated regularly. 10/09/2020: Grids from years since
Dqscnnuw‘ Documentain \nm| DmFHLels‘ DabaSe\ecuunl Data Files Damubl:s} Ezpenm| i . 2015 have been replaced. See the NCE| webpage for more information
Values from 2008-2018 have chaned at the source. We are changing our data updates to update older values instead of Latest available data: Click to Enfarge
) just appending values each month (as of 2020/03/23) Brief Description: GPCP Feb 2021

NOAA NCEP CPC GLOBAL monthly olr Data Files _ ~ Global Precipitation CIMtClogy PIOJRCMONY | oo ey, RO
This daf has bytes (2. 3630976E07 22.536255MB) of data in it, which should h idea of the f any file th ask for gt Desepton precipfation datacet rom 1975 present . ‘ ;

is dataset has bytes (. 55MB) in it, which should give you a rough idea of the size of any file that you I « A global monthly SST analysis from 1854 to the present derived — ',‘;?‘;‘?),,E":ff{m" Mar 2021 observations and satellite precipitation data into 2

o . . urace Tosouatos Anoriy on 5o :

Download Data To Specific Software LDOTEIESQBSS data with missing data filled in by statistical methods. .. = '.‘. - e 2.5°x2.5° global grids.

Temporal Coverage:

ingrid _|[The Postscript-based software on which the Data Library is buill Temporal Coverage: »q Xy’ + Monthly values 1979/01 through Feb 2021 (some |»

CPT  |[Climate Predictability Tool Mor infomation = Monthly values for 1854/01 - present. °1 e - 'Y I months are interim).

ferel [nferactve computet visualzation and analys's software. ore nfmaion =+ Long term monthly means, derived from data for years 1981 - 2010. - : I * Long term monthly means, derived from years - . L !
GIADS |[Grid Analysis and Display System Mare infornation 1 0812010, S 3 wm sm 1w ik %0 i e w mw w8
matlab _|Data analysis and software. More information Spatial Coverage: B A A A A A SR A A A A - eiessaaaiaiasers

NCL |[NCAR Command Language More infomation « 2.0 degree latitude x 2.0 degree longitude global grid (89x180). 1 T - Spatial Lzogzglage:l exa5d ‘ e global

= $ 2 e N e . legree latitude x 2.5 degree longitude global

WinDisp |A public domain software package for the display and analysis of satelits images. maps and associated databases, with an emphasis on early warning for food security « 88.0N - 88.0S, 0.0E - 358.0E. grid (144x72)

- 88.75N-88.75S, 1.25E - 358.75E

Other Available File Formats Levels:
FFll Information Formals + SeaSurface Levels
[These files contain all of the available metadata Update Schedule: o N/A
l0PeNDAP A system which dm\‘r!loaﬂs data directly to software, such as matlab, Ferret, GrADS, etc. Specific instructions are available in the table above. Note: OPeNDAP was fon « Variable Update Schedule:
System). More Information F
/ * Monthly

InetCDF (network Common In commonly supparted self describing data formal. Moce formaton Download/Plot Data: (Download Issues)
Data Form) e arable iotie Loa T

Jses Surfacs Tempersture o [E—— h"l

lsea Surface g Term ean menhmasizoiond R

A Home » Gridded Climate Data » NCEP Reanalysis Products: Pressure level variables

On this page: Temporal Coverage | Spatial Coverage | Levels | Update Schedule | Download,Plot Data | Analysis Tools
Restrictions | Details | Caveats | File Naming | Citation | References | Original Source | Contact

i AT NCEP/NCAR Reanalysis 1: Pressure

Data Access

Snow Cover Extent (Northern Hemlsphere) We have transitioned the data files from netCDF3 te netCDF4-classic format on Monday Oct 20th, 2014. d Sea Ice Analysis Tool
A new data visualization tool easily helps customize sea ice
data into graphs or maps. Read more ...

NOAA CDR Snow Cover Extent (Northern Hemisphere)

Other Grid Types: NCEP Reanalysis Main Page | Pressure Level Data | Surface Data | Surface Flux Data | Other Flux Data |Spectral Coefficents Data

| Tropopause Data

Brief Description:
« NCEP/NCAR Reanalysis 1

Temporal Coverage:
« 4-times daily, daily and monthly values for 1948/01/01 to present

Scientific Data for Research

« Long term monthly means, derived from data for years 1981 -2010

[l
| } L1 4 Qﬁ'  Values are instantaneous at the time indicated in the files
| T T 1 | L& | | |11 At Spatial Coverage:
I I PR . O ot i f 9
B2 == « 2.5degree x 2.5 degree global grids (144x73)

« 0.0E to 357.5E, 90.0N to 90.08

Levels
« 17 Pressure levels (mb): 1000,925,850,700,600,500,400,300,250,200,150,100,70,50,30,20,10

+ Some variables have less: omega (to 100mb) and Humidities (to 300mb).

Update Schedule:
s Daily

Nessimlaad /Dlat Maka: Mawmlasd leeiacd
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Selection of predictors from observations: Example for target variable TMm
(target month: AUG) and predictor variable Z500 (monitoring month: APR)

TMm of AUG
(Detrended, Train Years)

1At

Correlation
Analysis and
Smoothing

(Detrended, Train Years)

Ny

Selected Regions
As Predictors (ex.
Z500_APR_R1,
7500 _APR_R2)

l

(All Years)
Z500 of APR

A\ 4

Zonal
Averaging and
Detrending

Selection of predictors from MME: Example for target variable TMm (target

month: AUG) and predictor variable Z500 (monitoring month: JUN)

TMm of AUG
(Detrended, Train Years)

™~
7

Correlation
Analysis and
Smoathing

(Detrended, Train Years)

-

Selected Regions
As Predictors (ex.
7500 JUN_R1,
Z500_JUN_R2)

(All Years)
Z500 of JUN

MME Z500
of JUN

_—_—nm
(All Years)

Time-series for each
Predictor from
QObservations

A

A

Time-series for each

Predictor from
Observations

A
l N\
Zonal ]
Averaging
Time-series for
each Predictor
from MME
Zonal
Averaging —— _M—
N\

y

Bias Carrection
(Linear Scaling)
and detrending

A

Bias-Corrected

Time-series for

each Predictor
from MME

A

A

50 A
25 - ‘
0- g %,‘"*il\"\ -
~50 1 : © 7
_75 - W
{I) 5l0 l(I)O 1_"_IJO 260 2_rl)0 360 3510

ZM: Rhee and Myoung, 2021




For GP-OBS and GP-MME

S& ZJI20=S

( Isotropic/Anisotropic \

Length Scale Matrix

\ (ISO/ ANISQ) y

( Predictors’ Locations A
Train Data - Restricted / Not-Restricted
Train Labels \ (LR/LNR) J
OBS Predictors é Significance Levels h
(1980-2013) for Selecting Predictors:

0.01,0.05,0.1

& (P1/P5/P10)

~/

GP Model

LoocV
(34 x 34)

- —>
]

(ISO/ LR/ P1)

A 4

—

Y

1
(ISO/ LR/ P5)

l

1
(ANISO / LNR / P10)

Performance

Performance

Performance
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APEC JIR4H

ZMH: Rhee and Myoung, 2021
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Train Data
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(2014-2020)

Test Data

Selected Conditions
> For GP-OBS

Train Labels

OBS Predictors
(1980-2013)

Train Data

!
GP Model

(2014-2020)

Test Data

Selected Conditions
> For GP-OBS

Train Labels

0OBS and MME Predictors
(1991-2010)

"\

GP Model

Predictions

Test Labels

- 9 |E
Performance

Predictions

Performance

Test Labels

ZMH: Rhee and Myoung, 2021
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Category [\ NN BN

. i a b ¢ PRED
Proportion Correct (PC)  pc = zp(pREDk’ 0BS,) = ate+t N
4 d e f  PREDy,
- = Total Accuracy g h i PREDgy

UH E5E Itg &/ 8H It=g &
Perfect Forecast: 1.0
Random Forecast: 0.33

0BS,, OBS,, OBSz, Total, n

HSS = 2.xP(PREDy, OBSy) — Y. p(PREDy )p(OBSy)
Heidke Skill Score (HSS) B 1 -, p(PRED,)p(0OBS})

« L90| B EREIUS B2 UHHI &2H 25 L=z &=
« Perfect Forecast: 1.0
« Random Forecast: 0.0

a+b+c a+d+g d+e+f b+e+h g+h+i c+f+i
Zp(PREDk)p(OBSk)—( R R G T P C .

YxP(PRED,,0BS,) = PC Zp(PREDk)p(OBSk) is the random proportion correct
K
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Area Under the Receiver Operating Characteristic Curve (AUC)

Tue Positive Rate

- False positive rate=S x=0l, True positive rate2 y=0H = ROC =M O HX
« Perfect Forecast: 1.0
« Random Forecast: 0.5

10 4

0.8

=2
o
L

=
T
L

0.2

00

- APCC

¥  APEC 23uH

sk_overall

= micro-average ROC curve (area = 0.64)
= = macro-average ROC curve (area = 0.61)

—— ROC curve of NN [area = 0.60)

ROC curve of AN (area = 0.61)

ROC curve of BN (area = 0.62)

04 06 08 10
False Positive Rate
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(a) Proportion Correct

TMm TNm  TXm  TMm TNm TXm TMm TNm

JUN

TMm  TNm

JUN

JuL

®mISO_LNR_P5 mISO LR _P5

(a) Proportion Correct

AUG

TXm  TMm TNm TXm TMm TNm

JuL

EGP-PD MGP-OBS mWGP-MME

AUG

TXm

TXm

0.6
0.5
0.4
03
0.2

0

0.1

0.8
0.7

0.5
0.4
0.3
0.2
0.1

0

-0.2

(b) Heidke Skill Score

lil.il,.n

TMm TNm TXm TMm TNm TXm  TMm TNm TXm
JUN JuL AUG

WISO_LNR_P5 MISO_LR_P5

(b) Heidke Skill Score

]jLJj,HJ

TMm TNm TXm TMm TNm TXm TMm TNm TXm
JUN JuL AUG

EGP-PD ®mGP-OBS mGP-MME

09
0.8
0.7
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0.1

0
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0.1
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(c) Area Under the Curve

TMm TNm TXm TMm TNm TXm TMm TNm TXm

JUN

JuL AUG

®mISO_LNR_P5 mISO LR _P5

(c) Area Under the Curve

TMm  TNm
JUN

TXm  TMm  TNm TXm TMm TNm TXm
JuL AUG

EGP-PD mGP-OBS mGP-MME

ZMH: Rhee and Myoung, 2021
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tmm_m6_It1_2016

TMm
JUN
2016 \

20 -15 -10 -05 00 05 10 15 20
Emperature Anomaly
tmm_m7_It2_2018

TMm
JUL
2018
\x
3 =2 =1 0 1 2 3
Emperature Anomaly
tmm_m8_It3 2018
TMm
AUG

Emperature Anomaly

- 0BS (0.77)

= GP_PD (Mean: 0.09, Std: 0.41)

~— GP_OBS (Mean: 0.45, Std: 0.26)
GP_MME (Mean: 0.44, Std: 0.27)

= CLM (Mean: 0.00, Std: 0.70)

—— 0BS (2.06)

= GP_PD (Mean: 0.31, Std: 0.86)

~—— GP_OBS (Mean: 0.68, Std: 0.46)
GP_MME (Mean: 0.90, Std: 0.40)

—— CUM (Mean: 0.00, Std: 1.25)

—— 0BS (1.95)

= GP_PD (Mean: 0.42, Std: 0.77)

~—— GP_OBS (Mean: 0.18, Std: 0.54)
GP_MME (Mean: 0.76, Std: 0.38)

= CLIM (Mean: 0.00, Std: 1.19)
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thm_m6_It1_2016

JUN
2016

[

-2 -1 0
‘Eemperature Anomaly

tnm_m7_It2_2018

TNm
JuL
2018

‘Emperature Anomaly

tnm_m8_It3_2018

3 -2 -1 0 1 2

TNm
AUG
2018
= &
3 -2 a 0 1 2

Emperature Anomaly

—— 0BS (1.01)

= GP_PD (Mean: -0.39, Std: 0.63)

~ GP_OBS (Mean: 0.45, Std: 0.32)
GP_MME (Mean: 0.43, Std: 0.30)

= CLIM (Mean: 0.00, Std: 0.83)

—— OBS (1.41)

= GP_PD (Mean: 0.20, Std: 0.74)

~— GP_OBS (Mean: 0.78, Std: 0.46)
GP_MME (Mean: 0.87, Std: 0.39)

—— CUM (Mean: 0.00, Std: 1.09)

—— 0BS (1.53)

= GP_PD (Mean: 0.11, Std: 0.72)

~— GP_OBS (Mean: 0.33, Std: 0.49)
GP_MME (Mean: 0.64, Std: 0.39)

= CUM (Mean: 0.00, Std: 1.12)

Density of probability
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Density of probability
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txm_m6_It1_2016

TXm
JUN
2016
-2 2 0 1 2
emperature Anomaly
txm_m7_It2_2018
TXm

-4 -2 0 2
Emperature Anomaly
txm_m8_It3_2018

TXm
AUG
2018

1 0 1 2
Emperature Anomaly

—— 0BS (0.46)

= GP_PD (Mean: 0.07, Std: 0.65)

~= GP_OBS (Mean: 0.76, Std: 0.37)
GP_MME (Mean: 0.86, Std: 0.36)

= CUM (Mean: 0.00, Std: 0.89)

—— 0BS (2.65)

= GP_PD (Mean: 0.48, Std: 1.14)

== GP_OBS (Mean: 1.25, Std: 0.59)
GP_MME (Mean: 1.37, Std: 0.51)

= CLM (Mean: 0.00, Std: 1.52)

—— 0BS (2.39)

= GP_PD (Mean: 0.61, Std: 1.11)

~— GP_OBS (Mean: 0.64, Std: 0.79)
GP_MME (Mean: 1.00, Std: 0.55)

= CLIM (Mean: 0.00, Std: 1.42)

"APCC

APEC JIR4H

ZMH: Rhee and Myoung, 2021
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