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Intro-Context
Yolo)

CEDA

Centre for Environmental Data Analysis:

CEDA Nows

“to support environmental science, further environmental data
archival practices, and develop and deploy new technologies to
enhance access to data”
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NCAS and Computer Science
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NCAS delivers national capability
science and infrastructure

» Climate science, including
climate change

» Atmospheric composition,
including air pollution

» High Impact Weather,
including processes.

» Facilities: Aircraft,
Instruments, Models, Data
Centres (CEDA), HPC etc
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NCAS and Computer Science

O

NCAS delivers national capability
science and infrastructure

» Climate science, including
climate change

» Atmospheric composition,
including air pollution

» High Impact Weather,
including processes.

» Facilities: Aircraft,
Instruments, Models, Data
Centres (CEDA), HPC etc

ata

Smarter Computing

Opportuniti

UoR: Computer Science

> A new department ( 2 years
old) born from the ashes of a
restructuring.

» Embedded in existing school
alongside mathematics and
meteorology.

» Research groups include
“Data Analytics”, “Data
Science and Al” and
“Advanced Computing for
Environmental Sciences”.

https://aces.cs.reading.ac.uk
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Outline

Characteristics of Environmental Science Data
Simulation, Models and Data

Smarter Computing (Software and Hardware)
Opportunties

Summary

o~ e~
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What is Environmental Data? Diverse
NERC Data Catalogue, 21st of March, 2018: 5445 datasets:

Browse by ) INSPIRE themes _ topics

Coordinate reference systems é Elevation Land cover
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o s 550 i
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& Sea regions
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%\ss distribution
Hydrography
& B

Meteorological geographica...

Oceanographic geographic. ..
Bio-geographical regions

Habitats and biotopes

Energy resources Mineral resources
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What is Environmental Data?: Multiscale

2

N

av30, av

(Examples from JASMIN users:
» UPSCALE (courtesy of PL. Vidale)
» COMET-LICS (http:

//comet .nerc.ac.uk/developing-licsar-automated-processing-sentinel-1-data/)
» CEH Wildlife Survey (Courtesy of Tom August). )
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What is Environmental Science? Multidisciplinary!

Physical Environment ModeD

"\, Hydrology

Oceanic
Processes

Policy Models Earth System Models
(including Chemistry)

Many interacting communities, each with their own software, data
(standards), compute environments etc.

Figure adapted from Moss et al, 2010
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What is Environmental Data? Voluminous!

Europe within a global model ...

(from ~2002)

et

One “field-year” — 26 GB One “field-year” — >6 TB
1 field, 1 year, 6 hourly, 80 levels 1 field, 1 year, 6 hourly, 180 levels
1 x 1440 x 80 x 148 x 192 1 x 1440 x 180 x 1536 x 2048
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What is Environmental Data? Voluminous!

UKMO Storage and Compute
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2000

National Centre for
Atmospheric Science

NATURAL ENVIRONMENT RESEARCH COUNCIL.

2004

2008 2012

Year

2016 2020

2024

(Data courtesy of MICk Carter UKMO)

2028

Peak

DKRZ Storage and Compute

(Data couttesy of M. Lautenschlager, DKRZ]

P =
W0 2005 2009 2003 2017 2021 2055 2023
Date.

NCAR Storage and Compute

TData courtesy of Gary Strand, NCAR)

78 Stored
Peak (Tflops)

i e
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CEDA: Archive Growth

Archive Volume
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CEDA: Sentinel Growth

Sentinel Data held by CEDA
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» Provide a state-of-the art
storage and computational
environment

» Provide and populate a
managed data environment
with key datasets (the
“archive”).

» Encourage and facilitate the
bringing of data and/or
computation alongside/to
the archive!

» Provide FLEXIBLE methods
of exploiting the
computational environment.
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JASMIN — The Data Commons

» Provide a state-of-the art
storage and computational
environment

» Provide and populate a
managed data environment
with key datasets (the
“archive”).

» Encourage and facilitate the
bringing of data and/or
computation alongside/to
the archive!

» Provide FLEXIBLE methods
of exploiting the
computational environment.

Computing

eg.
BIOLINUX

Summary

eg.
OPeNDAP/
FTP/
OptiRAD/
s3

Platform
asa
Service
We provide you
the “Platform”;
you can LOGIN
and exploit the
batch cluster.

Infrastructure
asa
Service
We provide you
with a cloud on
which you
INSTALL your own
computing.

Software
asa
Service
We provide you
with REMOTE
access to data
VIA web and
other interfaces.

CEDA
Archives

JASMIN - Data Intensive Computer
Storage, Compute and Network Fabric
Batch Compute, Private Cloud, Disk, Tape

National Centre for
Atmospheric Science
NATURAL ENVIRONMENT RESEAREH COUNEIL
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Et.Al. and Bryan Lawrence - Exeter, 25/06/18

-

University of

Reading



Digression
0@e00

JASMIN: Total Storage Growth

Total Storage by Pool
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Climate Data in the context of the “Zettabyte Era”

» Global internet traffic per annum, 1.2 ZB in 2016, forecast to
reach 3.3 ZB per annum by 2021 (9 EB/day).*

» Estimated power consumption of data centres globally: 1.5% of
all global power (2015) - comparable to aviation! **
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Climate Data in the context of the “Zettabyte Era”

» Global internet traffic per annum, 1.2 ZB in 2016, forecast to
reach 3.3 ZB per annum by 2021 (9 EB/day).*

» Estimated power consumption of data centres globally: 1.5% of
all global power (2015) - comparable to aviation! **

» A high resolution climate model needs to run somewhere
between 0.5 and 5 Simulated Years Per real Day (SYPD)

» A real 1Tkm model may have > 200 levels and o(10-100)
prognostic variables, and a minimum useful ensemble size of 10.

» Assuming it is possible to integrate such as model at the
required rate (which may be impossible),

. RationathEHtée o Climate Data for MPE University of
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Climate Data in the context of the “Zettabyte Era”

» Global internet traffic per annum, 1.2 ZB in 2016, forecast to
reach 3.3 ZB per annum by 2021 (9 EB/day).*

» Estimated power consumption of data centres globally: 1.5% of
all global power (2015) - comparable to aviation! **

» A high resolution climate model needs to run somewhere
between 0.5 and 5 Simulated Years Per real Day (SYPD)

» A real 1Tkm model may have > 200 levels and o(10-100)
prognostic variables, and a minimum useful ensemble size of 10.

» Assuming it is possible to integrate such as model at the
required rate (which may be impossible), then we get
(0.5-5) x 200 x (10-100) x 1 PB =

102 — 10°PB (100 EB) per real day.

» A lot wrong with this calculation, but ...

*
https://www.cisco.com/c/en/us/solutions/collateral/service-provider/visual-networking-index-vni/
complete-white-paper-c11-481360.htnl ** Wikipedia, June 2018

B Eationalhcentée or Climate Data for MPE University of
tmos| ic Science imate Data for iversit
itk o Et.Al. and Bryan Lawrence - Exeter, 25/06/18 E Readmg

uuuuuuuuuuuuuuuuuuuu



https://www.cisco.com/c/en/us/solutions/collateral/service-provider/visual-networking-index-vni/complete-white-paper-c11-481360.html
https://www.cisco.com/c/en/us/solutions/collateral/service-provider/visual-networking-index-vni/complete-white-paper-c11-481360.html

Digression omputing

Jmmar

(ele] J

Sl Units, 2018

Sl-prefix Name Scale
k kilo thousand 103
M mega million 1096
G giga billion 10°
T Tera trillion 1012

P Peta quadrillion ~ 10%°
(multi-PB) 101617
E exa quintillion 1018
Z zetta sextillion 102!
Y yotta septillion 10

= National Centre for -
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Sl Units, 2018

Sl-prefix Name Scale Status (2011)

k kilo thousand 103 Count on fingers

M mega million 1096 Trivial

G giga billion 10° Small

T Tera trillion 1012 Real

P Peta quadrillion ~ 10'5 Challenging
(multi-PB) 101617 Possible

E exa quintillion 1018 Aspirational

Z zetta sextillion 102! Wacko

Y yotta septillion 10 Science Fiction

From an orginal table by Stuart Feldman, Google

Challenging = Just about feasible for Google ...
Far too easy to say “peta” and “exa” ...

= National Centre for —
Atmospheric Science Climate Data for MPE @ University of
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Sl Units, 2018

Sl-prefix Name Scale Status (2011) Status (2018)

k kilo thousand 103 Count on fingers Free

M mega million 1096 Trivial Free

G giga billion 10° Small Free

T Tera trillion 1012 Real Small

P Peta quadrillion ~ 10'5 Challenging Real
(multi-PB) 101617 Possible Challenging

E exa quintillion 1018 Aspirational Possible

Z zetta sextillion 102! Wacko Aspirational

Y yotta septillion 10 Science Fiction Wacko

From an orginal table by Stuart Feldman, Google

Challenging = Just about feasible for Google ...
Far too easy to say “peta” and “exa” ...

= National Centre for —
Atmospheric Science Climate Data for MPE @ University of
NATURAL ENVIRONMENT RESEARCH COUNEIL Et.Al. and Bryan Lawrence - Exeter, 25/06/18 Readmg
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What is Environmental Data? Part of Voluminous workflows!

¥,

RMDCN
Dissemination
Internet
Forecast run H oL ‘ Web services  internet
. i -~
Today: ~2 PB per week! e EECMWF

Peter Bauer 2017
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What is Environmental Data? Part of Voluminous workflows!

30x more data sent to customers

‘ - \ per day in critical path
NI SR N

Data acquisition

10x more observational
data per day

2000x more model data
per time step

Today: ~2 PB per week! | s T SSECMWF
Peter Bauer 2017
Tomorrow: “EB a month?

““‘\!H\\‘ Dissemination |

| 'TILE

Internet

( Product ‘

generation Web services Internet

Forecast run

25x more forecast product
data per day in critical path

100x more data

= National Centre for
Atmospheric Science Climate Data for MPE E University of
NATURAL ENVIRONMENT RESEARCH COUNCIL Et.Al. and Bryan Lawrence - Exeter, 25/06/18 Reading
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What is Environmental Data? Voluminous Global Sharing?

400
Model
=== Satellite/Radar
350 W |n Situ/Other

Fig. 2 The volume of
worldwide climate

. . 300 - .
data is expanding
rapidly, creating I — i N |
challenges for both =
physical archiving and S N N A A
sharing, as well as for @
ease of access and B N i I B R
finding what’s needed, §
particularly if you’re 100 EEENE
not a climate scientist. I I I

50 EEEE I
(BNL: Even if you are?) 1 I I I I I I I
0 'E N | l l
2010 2015 2020 2025 2030
Year

J T Overpeck et al. Science 2011;331:700-702
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Not only Weather and Climate have a volume problem

Reservoir Modelling ~350 ’ “ Japan array -
TB/run & Copernicus/SWOT ~4 PB/d
Seismic Network ~150 TB/y

165 Zettabytes by 2025°

We are here

LOFAR/SKA ~4EB/yr LSST/EUCLID ~20 PB/night Internet and 10T

(courtsey of Stéphane Requena - GENCI/PRACE)

= National Centre for N
Atmospheric Science Climate Data for MPE g University of
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PointSeriesFeature
(timeseries at a point)

ProfileFeature
(vertical profile at a point)

GridSeriesFeature
(series of multidimensional grids)

SwathFeature
(single satellite sweep)

SectionFeature
(vertical section)

Classify by geometry, but that doesn’t tell you how it stored, or what
it is.

= National Centre for N
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What is Environmental Data?: Sometimes clean, mostly messy!

Formats and Content Standards

» Disparate communities, disparate formats.

» Converging towards NetCDF (at least outside of the Met
Agencies).

» (If your tool doesn’t understand NetCDF, you wont be in
business with much of environmental data.)

» But a format is just a bucket - can still label parameters in
multiple ways, and there may be no text to get context ... if you
can’t understand the label, the data is useless.

» Massive importance of content standards (Climate Forecast
Conventions, CMIP standards etc).

= National Centre for —
Atmospheric Science Climate Data for MPE E University of
NATURAL ENVIRONMENT RESEAREH COUNCIL Et.Al. and Bryan Lawrence - Exeter, 25/06/18 Reading
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Data Conventions - The Climate Forecast Conventions

A format is just a bucket:

» The CF conventions
describe how to make data
files self-describing.

» The conventions are a bit
daunting, but there are
some good software

i libraries that can make
CF Conventions creation and usage of the
and Metadata cfconventions easy:
View the latest Conventions Documents > e.g. Cf—python: https ://
cfpython.bitbucket.io/
» See also

http://cfconventions.org
https://doi.org/10.5194/

gmd-10-4619-2017 for a
description of the CF data
model.

n National Centre for —
Atmospheric Science Climate Data for MPE E University of
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https://doi.org/10.5194/gmd-10-4619-2017
https://doi.org/10.5194/gmd-10-4619-2017

Characteristics Il

oooe

Exploiting a data model

>>> £ = cf.read('file.nc')(0]
>>> type(f)
<class ‘cf.field.Field'>

<CF Field: air_temperature(latitude(4), longitude(5)) K>
int £

pata : air_temperature(latitude(4), longitude()) K
Cell methods  : time: mean
Dinensions : latitude(d) = (2.5 5.0] degrees_north

: longitude(5)
: time(1) = [2000-
: height(1) = [2.0] m

15.0] degrees_east
£00:00] 360_day calendar

= National Centre for -
Atmospheric Science Climate Data for MPE E Unlversltyol
NATURAL ENVIRONMENT RESEARCH COUNCIL Et.Al. and Bryan Lawrence - Exeter, 25/06/18 Reading
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Exploiting a data model

>>> £ = cf.read('file.nc')[0]
>>> type(f)
<class ‘cf.field.Field'>

<CF Field: air_temperature(latitude(4), longitude(5)) K>
>>> print £
air_temperature field summar;

pata S P A S
e meuecfplot homepage
cfplotis a set of Python routines for making the common contour and vector plots that
climate researchers use. The data to make a contour plot can be passed to cfplot using
cf-python as per the following example.

25 20 235 200 205 250 255 260 265 210 215 280 25 200 295 00
Surface Air Temperaturelk)

import cf, cfplot as cf)
f=cf.read(’ /opt/graphics/cfplot_data/tas_Al.nc')[0]
cfp.con(£.subspace(time=15))

National Centre for

Atmospheric Science Climate Data for MPE
NATURAL ENVIRONMENT RESEAREH COUNCIL. Et.Al. and Bryan Lawrence - Exeter, 25/06/18
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Exploiting a data model

5 x
File Help
>>> £ = cf.read('file.nc')[0] S
>>> type(f) Select | Inspect  Galler
ey et et rira> pecicalery)
»> £ Field Selector H
<cF Field: air_temperature(latituda(4), Configure and GeneratePlots——— | M qyid Hassell
Esteianis ng Field Name X Y 12 | T | Compepa] | [ potconure | | [Fep
ois Feaperatore fieid smmary 0 SURTACE SENSIBLE WEAT HLXON TLES. 268 217 2 30 —— = Andv Heaps
= e e O P Jp— ] Yy ps .
. U2 sitace temperaure e a1 0 . =
gmsciplotihome pal |y —————— 5
) & stattorm snoal rte 2 2 1 0 || e [romal o[ Averdcomy
cfplot is a set of Python rout || s SURFACE LATENT HEAT FLUXONTILES 288 217 2 30 e
climate researchers use. The|| 6 air_potential temperature 268 216 1 e
ct-python as perthe following | 7 eopotential height 2 216 1 long_name:t4534.0 long_name Pressure:500.0
5 LSHSPECRCHUMDMTYOWERTUES 288 217 1 ——
s LsusecRcHMDTYOWRTUES 288 217 1
1o searchumom AT 15 e 2 1
L smcetewouties ka2 2
L stiom mital nte w2 1
1 sEaRCHUMDTY AT15H e 27 1
1 TomupecmTONuE Komzs 28 217 1
B oo e 26 1
16 nortward wia e 26 1
1 sutace ot fax w27 1
1 subsutace ot fus w1
Field Metadata
Fiivalue: 26120
Aame: o1 rame-SURFACE SENSIBLE HEAT FLUX ON TLES
e SURFACE SEVSISLE HEAT PLUX O TLES
loms_ name: SURFACE SENSIBLE HEAT FLUX ON TILES
et mins 273,405
Sauree: Unied Madel Ouput (V6.3
miseing vala: 26120
225 230 235 240 245 valid_r - 227.183 s S Pt s S —————
T o 7000 AT .3 T e ey e e

mport cf, cfplot as cfp
£.read( ' /opt/graphics/cfplot_data/tas Al.nc')[0]
cfp.con(£.subspace(time=15))

cf-python, cf-plot, and cf-gui — all built on the cf data model!

= National Centre for -
Atmospheric Science Climate Data for MPE University of
NATURAL ENVIRONMENT RESEARCH COUNIL Et.Al. and Bryan Lawrence - Exeter, 25/06/18 Reading



Model Data

Direct Numerical Simulation

Primarily mathematical
representation of a comple:
system of processes

Coulthard and Van De Wiel IDoi:
10.1098/rsta.2011.0597

Foaiing g

image: flom \ Onane ytems Consal euson

J. Lafeuille, 2006 /- uan tsvelgment |
Hlandea choge

33
" Mesilsation of
http:/Awww. bys. ac. k! html  poltats

We want to observe and simulate the world at ever higher resolution! More complexity!

= National Centre for -
Atmospheric Science Climate Data for MPE

g University of
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One slide introduction to numerical modelling

Boundar
BOUNDARY | "
CONDITIONS
(& very slow
Processes)

INPUTS: Large

Coupled
q . . . forcing
Coupled System of Partial Differential Equations
Describe a RESOLVED piece of the real world Other MODELs
(e.g. ATMOSPHERE) in the presence of forcings (e.g. OCEAN)

Solved by time-stepping from start to finish.

Parameterised
forcing

Scale
Disparity

L e, 1O

scale values for grid
cells (e.g.
temperature, wind,
water vapour)

“In-cell” parameterisation of things that can’t be
resolved (too small, too fast - e.g cloud
microphysics).
Sometimes Heuristic / Statistical / Empirical. Many
approximations. Consists of Parameters and
(relatively) simple functions of the inputs.

FORCING is a
function of
PARAMETERS and
INPUTS

National Centre for
Atmospheric Science
NATURAL ENVIRONHENT RESEARCH COUNCIL

O

Climate Data for MPE
Et.Al. and Bryan Lawrence - Exeter, 25/06/18

University of

Reading
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Model Data

Model Intercomparison Projects - CMIP6

MIPs
define
objectives
require
experiments
require define

input_data output_data

= National Centre for -
Atmospheric Science Climate Data for MPE E University of
NATURAL ENVIRONMENT RESEARCH COUNCIL. Et.Al. and Bryan Lawrence - Exeter, 25/06/18 Reading



Model Data
o

Model Intercomparison Projects - CMIP6

Clouds/
Chemistry/  circulation Ocean/
MiPs aerosols seaiice
define Characterizing Short-term
forcing hindcasts
objectives
e b Scenarios
climate
eperimens  SECUEEEER 5
> _ B "gl Decadal
require define L Vq 1 ah\g ~ prediction
bilityr
M E CHLLE Carbon Regional climate /
cyde .G“' " extremes
engineering

= National Centre for -
Atmospheric Science Climate Data for MPE E University of
NATURAL ENVIRONHENT RESEARCH COUNCIL Et.Al. and Bryan Lawrence - Exeter, 25/06/18 Reading



Model Data

Model Intercomparison Projects - CMIP6

MIPs
define
objectives
require
depend on
experiments ) output data
from
require define
input_data output_data
= National Centre for -
Atmospheric Science Climate Data for MPE E University of
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ScenarioMIP . VolMIP

L J
- L ]
.‘ o
L]
MIPs o
., GEOMIPo (-
55pS8_ @ ° )
define 5 o o5
o
WUMP oo oo . .:PM!P
- ® e 0 .
objectives ° oo /® °
o o CaMP@ " picontiol e ®oamip
° s 7. [ 3 Ad o%eo
& (]
require o ® historical
. cve ‘ 4
depend on Sl
experiments output data [
from eamip. |0 00 .
o \\
s @
require define ® ° o
[ ] L] L ]
GMMIP® © o ResMiP
input_data output_data . ° .. AerChemMIP
oMIP @

Complicated Experimental
Interdependency!

(Courtesy of Charlotte Pascoe and the ES-DOC project.)
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Model Data

Model Intercomparison Projects - CMIP6

MIPs
define
objectives modellers
require run
depend on
experiments output data |produce
from
require define
input_data output_data
= National Centre for -
Atmospheric Science Climate Data for MPE E University of
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Model Intercomparison Projects - CMIP6

! }{D\? razanae

MIPs ‘Expt Group
| \ ‘ ~ =

\ |

“—m‘

ldeﬁne | ?
|
| é ¢
‘ = <
objectives ‘modellers ! =
Var Group 01\ Var Group 02\ [Var Group 03|
; IR TR
require run b
depend on Variables (~2000) -
experiments output data [ produce [ 280 Variable groups |
< from " [ o0 objectives |
lmquire define
Complicated Data Requirements for
input_data output_data .
Modelling Groups!

(Courtesy of Martin Juckes and his Data Request activity in
support of CMIP6.)

E Unlversltyol
Reading

= National Centre for -
Atmospheric Science Climate Data for MPE
Et.Al. and Bryan Lawrence - Exeter, 25/06/18
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What is Environmental Data?: Sometimes clean, mostly messy!

SUge 7 mgii|  PRIMAVERAand CMIP

Model intercomparison projects
develop sophisticated standards and
workflows:

2. Transfer

TapE

woumeee X111 » Simulations are designed to
produce output in a common
format with common metadata
standards.

g > ...but it still necessary to validate

the output against those standards
before publication into an archival
and dissemination system.

CEDAARCHIVE

| & 6. Disseminate METADATA

» This is the minimum necessary to
provide data into sophisticated
data analysis pipelines!

jon.seddon@metoffice.gov.uk

= National Centre for -
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Give me more computing? Global Climate Modelling

com!

Computing
Resources

(Many versions of this slice exist, this one
from J. Kinter's presentation to the world
modelling summit 2008)

Resolution

= National Centre for -
Atmospheric Science Climate Data for MPE E University of
Et.Al. and Bryan Lawrence - Exeter, 25/06/18 Readlng
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Where is this going

One of many views:

Ensemble of Global
High Resolution, High Complexity

Global Model

o Integrations
o
capacity & 2027
»\“ Impacts Ensemble of 1 km
0\60 P Regional Models, nested in:
&
<0 2022 o Ensemble of 10 km
,,\°‘$ P> Global Models
e
Q@& Ensemble of 2.5 km
(oo(\ Impacts Regional Models, nested in:
°°<° 2017 o Ensemble of 20-30 km
\OQ 7" Global Models of higher complexity
)
097‘ Impacts Ensemble of 10 km
Regional Models, nested in:
Ensemble of 100 km
2012 P> Global Models

= National Centre for -
Atmospheric Science Climate Data for MPE E University of
Et.Al. and Bryan Lawrence - Exeter, 25/06/18 Readlng
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JWCRP Climate Modelling

Earth System Modelling High Resolution Climate Modelling
PI C. Jones (NCAS at the Met Office) Joint Pls: P-L. Vidale (NCAS), M. Roberts (Met Office)

UPSCALE
Essentially the same

hysics/dynamics
gal)'/ameteé used N320 N512 )
throughout model 40km 25km 27 broiectt
hierarch 7 roject to
Y N216 | N768 Atoses
] 17km inlﬁpbacltof
! global
" J N1024 explicit
— “ ‘| 12km ||_convection
N96 | Planned | N2048
130km ) 5 | 6km J
ORCA12, ——
. 0.08° RESEARGH COUNCIL
7 3 Met Office
CMIP5 | oceanlsea-lce | N~ Joint Weather and Climate
h
resolution | AtmospherelLand | Research Programme

= National Centre for -
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Voluminous ...and getting worse!

What about 1km? That’s the current European Network for Earth
System Modelling (ENES) goal! Consider N13256 (1.01km):

» 1 field, 1 year, 6 hourly, 180 levels

» 1x 1440 x 180 x 26512 x 19884 = 1.09 PB

» Would take 760 seconds to read one 760 GB grid at 1 GB/s
» Can no longer consider serial diagnostics!

= National Centre for N
Atmospheric Science Climate Data for MPE g University of
NATURAL ENVIRONMENT RESEARCH COUNIL Et.Al. and Bryan Lawrence - Exeter, 25/06/18 Reading
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Jmmar

Stop writing data AND be much smarter!

Techniques for data reduction

1. Reduce temporal frequency of output
2. Compress Data
» Lossless,
» Lossey (how many bits do we really need?)

3. Reduce spatial freqency of output (real
resolution is much lower than numerical
resolution),

4. “In-Flight” Diagnostics
5. Ensemble Compression

First two are in use now, the next three are really
important too ...

= National Centre for
Atmospheric Science Climate Data for MPE
NATURAL ENVIRONMENT RESEAREH COUNEIL Et.Al. and Bryan Lawrence - Exeter, 25/06/18
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Stop writing data AND be much smarter!

Techniques for data reduction

1. Reduce temporal frequency of output
2. Compress Data
> Lossless,
» Lossey (how many bits do we really need?)

3. Reduce spatial fregency of output (real
resolution is much lower than numerical
resolution),

4. “In-Flight” Diagnostics
5. Ensemble Compression

First two are in use now, the next three are really
important too ...

Smarter Data
Use

Large volumes of
data take a long
time to *read* even if
you can store them!

» Huge scope for
better
algorithms both
for data
reduction and
when the data
hasn’t been
reduced, to
exploit the data.

n National Centre for
Atmospheric Science Climate Data for MPE
.................... Et.Al. and Bryan Lawrence - Exeter, 25/06/18

University of
E Reading
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Common Software/Algorithm Patterns

Supporting a wide variety of Different Problem Architectures, e.g:
algorithms and workflows: 1. Pleasingly Parallel (e.g. retrievals over images
(but much to do to exploit ’ gy €g. ges)

parallelism) 2. Filtered pleasingly parallel (e.g. cyclone tracking)

3. Fusion (e.g. data assimilation)

4. (Space-)Time Series Analysis (FFT/MEM etc)

5. Machine Learning (clustering, EOFs etc)
Important Data Sources, e.g:

1. Table driven (eg. RDBMS + SQL)

2. Document driven (e.g XMLDB + XQUERY)

3. Image driven (e.g. GeoTIFF + your code)

4. (Binary) File driven (e.g. NetCDF + your code)
Sub-Ogres: Kernels & Applications, e.g:

1. Simple Stencils (Averaging, Finite Differencing etc)

2. 4D-Variational Assimilation/ Kalman Filters

“Big Data Ogres” 3. Data Mining Algorithms (classification/clustering) etc
by analogy with the Berkely 4. Neural Networks
Dwarves for computational Modified from Jha et al 2014 arXiv:1403.1528[cs]
patterns.
= National Centre for - -
@ Atmospheric Science Climate Data for MPE E University of
NATURAL ENVIRONMENT RESEARCH COUNEIL Et.Al. and Bryan Lawrence - Exeter, 25/06/18 Readmg
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Uncommon (and inappropriate?) software solutions

Multiple tools

Contrast between two very
types of workflow:

» Build Once: Many analysis
tasks are build once, use
once, throwaway. No room
for optimisation (or MPI).
Need efficient libraries.

» Repeatable: “build”, “run”,
“move”, “reduce/reformat”,
“analyse”. Much room for
automation..

What to use? Plethora of
architectures and tools out

there
A

35‘6"",(\: [ﬁ DASK Pandas ’

= National Centre for N
Atmospheric Science Climate Data for MPE E University of
Et.Al. and Bryan Lawrence - Exeter, 25/06/18 Readmg
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Uncommon (and inappropriate?) software solutions

Multiple tools Exploiting Concurrency

Contrast between two very Whatever tools, need to get used to

types of workflow: generating, understanding, and exploiting
> Build Once: Many analysis concurrency in more complicated ways:

tasks are build once, use
once, throwaway. No room
for optimisation (or MPI).
Need efficient libraries.

» Repeatable: “build”, “run”,
“move”, “reduce/reformat”,
“analyse”. Much room for
automation..

20130810T0000Z

What to use? Plethora of -
architectures and tools out

there

Much to do to harness tools to
accelerate workflows!

A

Sﬁ“éir"l(\z [f DASK Pandas r

(These two examples: dask, and
cylc, representing bespoke
analysis and scheduling, reduction
and proliferation.)

= National Centre for -
Atmospheric Science Climate Data for MPE E University of
NATURAL ENVIRONMENT RESEARCH COUNIL Et.Al. and Bryan Lawrence - Exeter, 25/06/18 Reading
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Wide Scope

The
Long Tail

CMIPS
< Archive -

(CMOR)

Why the Future of Business
1s Selling Less of More

Petascale

Earth Observation

- (Standardised) CHRIS ANDERSON

(Climate Data)
Fortran, IDL, Matlab,
. Python
Typical Departmental & =3 . o
Collection (yuck) Excel, Access =
A\

One instrument archive

Personal science:
Ever more complex, and
ever more of it!

\ 4 Laptop Scale

Slide concept: Carcle Goble via Liz Lyans

= National Centre for -
Atmospheric Science Climate Data for MPE g University of
Reading

NATURAL ENVIRONMENT RESEAREH COUNCIL. Et.Al. and Bryan Lawrence - Exeter, 25/06/18
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Wide Scope

National Service: pushing what can be

i / done technically as a service; more agile

than the public cloud, but doesn’t need as
much resilience as the public cloud.

National Scale

Decision point varies with application
and is always moving “left” with time!

Volume

Cloud Territory
Public or Private

= Laptop Scale
Numbers Involved
Optimise Customise Utilise Acquire
Customise an U
Environment (pm?l%:j L?ss?#re%ie Buy something
(e.g. deploy a Hadoop else, a service) (e.g. a Laptop)

Cluster)

= National Centre for -
Atmospheric Science Climate Data for MPE E University of
Reading

NATURAL ENVIRONMENT RESEAREH COUNCIL. Et.Al. and Bryan Lawrence - Exeter, 25/06/18



omputing  Opportunities
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Application Opportunities

An eclectic set of applications:
1. Data Assimilation and Data Archaeology
2. Classification: from established practice to deep learning at
scale.
3. Cleaning up earth observation data with machine learning.

= National Centre for N
Atmospheric Science Climate Data for MPE g University of
Reading

NATURAL ENVIRONMENT RESEAREH COUNEIL Et.Al. and Bryan Lawrence - Exeter, 25/06/18
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Data Assimilation
£y va
L8

LY 28

2 A

o Data

Assimilation)

previous
forecast

F

corrected

Ozone Observations Ozone Forecast
forecast
+errors +errors
, —
tn  time
Ozone Analysis assimilation window
+errors

(From Lahoz and Schneider2014)

Data Assimilation

DA is the process of using a model to interpolate (in space and time)
between observations or to adjust a model trajectory towards
observations. Always uses, and produces, error estimates. Typically
used to

» Develop an analysis (or re-analysis) product, and/or

» To provide initial conditions for a model simulation.

= National Centre for N
Atmospheric Science Climate Data for MPE g University of
NATURAL ENVIRONMENT RESEARCH COUNIL Et.Al. and Bryan Lawrence - Exeter, 25/06/18 Reading
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Jmmar

Twentieth Century Reanalysis

Data Assimilation

Compo et al 2011. The Twentieth Century
Reanalysis Project. DOI:10.1002/q;j.776

» Delivers analyses of global
tropospheric variability and
of the quality of those
analyses from 1871 to the
present at 6-hourly temporal
and 2 degress lat/long
spatial resolution.

» Uses an Ensemble Kalman
Filter (weighting 56
ensemble members and
whatever observations were
available (but not satellites).

= National Centre for
Atmospheric Science Climate Data for MPE
NATURAL ENVIRONMENT RESEAREH COUNEIL Et.Al. and Bryan Lawrence - Exeter, 25/06/18
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Twentieth Century Reanalysis

Data Assimilation

Compo et al 2011. The Twentieth Century
Reanalysis Project. DOI:10.1002/qj.776

» Delivers analyses of global
tropospheric variability and
of the quality of those
analyses from 1871 to the
present at 6-hourly temporal
and 2 degress lat/long
spatial resolution.

» Uses an Ensemble Kalman
Filter (weighting 56
ensemble members and
whatever observations were
available (but not satellites).

Big and Expensive

» Massive computing initiative.

» Heroic data iniative: 1.7 Billion
Observations. 1 TB a year of
output data.

Diverse Applications

» Early 20th Century Arctic
warming

» Historical El Nino/Southern
Oscillation events

» Decadal Atlantic hurricane
variability

» Ocean ecology

» US Dust Bowl

= National Centre for
Atmospheric Science Climate Data for MPE
NATURAL ENVIRONHENT RESEARCH COUNCIL

Et.Al. and Bryan Lawrence - Exeter, 25/06/18

University of
E Reading
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Historical Observations: The benefits

If we want to know about change, we need
to know the baseline. > An example of the

potential benefit of
combining old
observations with
retrospective data
assimilation
(“re-analysis”).

» We get a much better
understanding of
historical weather!

28 October 1903 at 0600

20th Century Reanalysis ensemble After offline assimilatiop

» More understanding
of extremes and
tracks.

(Courtesy of Ed Hawkins, NCAS and UoR Meteorology.)

= National Centre for N
Atmospheric Science Climate Data for MPE g University of
NATURAL ENVIRONMENT RESEARCH COUNIL Et.Al. and Bryan Lawrence - Exeter, 25/06/18 Reading
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Depends on Data Archaeology

Goal: Extract historical weather
observations from paper records
and exploit them in developing
new re-analyses of past climate.

» Many thousands of historic
records have been
transcribed using volunteers
(currently each record is
transcribed by FIVE humans
and compared).

» Low rate of progress; will
take a decade just to do this
particular dataset.

Opportunity: Large body of
training data, and robust
validation methodology.

= National Centre for -
Atmospheric Science Climate Data for MPE @ University of
NATURAL ENVIRONENT RESEAREH COUNEIL Et.Al. and Bryan Lawrence - Exeter, 25/06/18 Reading
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Classification: Lots of Prior Art

Cost733cat — A database of weather and circulation type
classifications. Philipp et. al. (2010)
doi:10.1016/j.pce.2009.12.010

Catalogue of Types

» 23 methods, including 5
subjective and 18 automated
methods with variants, totalling
72 classification schemes.

» Two main strategies:
Pre-defined types (including
subjective and threshold
methods) and Derived types
(including PCA, EOF, k-means
etc, and combinations thereof).

(Santos et al 2016, doi:10.1002/2015JD024399

= National Centre for -
Atmospheric Science Climate Data for MPE E University of
NATURAL ENVIRONMENT RESEARCH COUNCIL. Et.Al. and Bryan Lawrence - Exeter, 25/06/18 Reading
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ting  Opportunities

Classification: Cyclones

®00000000

Process Validation in Models. We want to understand how models
do, or don’t, simulate aspects of the different types of cylcones
which occur - leads to confidence in predictions and projections.

K-Means Clustering

» Clustering of
cylclone tracks -
not images.

» Unsupervised, but
need to select
number of classes
(can try variants).

» Validated by
comparison with
manual
classification.

Track density for the four clusters identified, each has
different impacts in terms of their precipitation
(cluster 1 has the highest average precip), different
seasonal cycles and genesis locations.

From J. Catto, 2018, doi:10.1175/JCLI-D-17-0746.1

= National Centre for -
Atmospheric Science Climate Data for MPE E University of
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Deep Learning at Scale

Deep Learning at 15PF: Supervised and Semi-Supervised
Classification for Scientific Data
Kurth, Zhang, Satish, Mitliagkas, Racah, Patwary, Malas, Sundaram, Bhimiji, Smorkalov, Deslippe,
Shiryaev, Sridharank, Prabhat, Dubey

» Current Deep Learning
implementations can take days to
converge on O(10) GB datasets.

» Using a 15 TB climate dataset
(768x768, 16 channels, 0.4M images)

> 9622 KNL nodes and sustained ~ 12
PFLOP/s during classification

» Two HPC perspectives to consider
for deep learning:

1. How efficient is deep learning

. o Tropical cyclones in water vapor: 95%
ona smgle.node. confidence predictions in red, ground
2. How does it scale across a truth in black.

cluster of nodes?

http://arxiv.org/abs/1708.05256

= National Centre for -
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Understandi
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Opportunities
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ng Southern Ocean Regimes - 1: ARGO

SALINITY

338 340 342
P

[

344 346 48
T
TEMPERATURE (°C)
0. 4, 8 12, 16, 20. 24,
L

Y S S S S S SR S S S S

PRESSURE (db)
L "
T T

2000. - L

http://www.argo.ucsd.edu/About_Argo.html
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Understanding Southern Ocean Regimes - 2: Unsupervised Learning

|— SAF — SACCF — SBDY — PF| >

>
6
5
4q >
Q
wn
301
2
1 >
0

(Dan Jones, British Antarctic Survey)

omputing  Opportunities
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Applying Gaussian Mixture
Modelling to cluster Southern
Ocean Argo profiles.

The number of classes was
determined using two
statistical tests.

Also shown are several
classically-defined fronts of
the Antarctic Circumpolar
Current.

Note that the cluster edges
(roughly) line up with the
fronts. It suggests that GMM
might be useful for front
identification.

. National Centre for -
Atmospheric Science Climate Data for MPE
NATURAL ENVIRONHENT RESEARCH COUNCIL Et.Al. and Bryan Lawrence - Exeter, 25/06/18
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Harmonisation of time-series (1)
Problem: Nominal radiance data L; obtained from different

sensors i, ... on board different satellites result in FI d
unexpected breaks in mean radiance and temporal trends uceo
when combined into multi-decadal fundamental climate data ST,
records. ML achieves this by answering either of two L
questions:

Homogenisation: What are the Harmonisation: What are the
calibration coefficients a;, a; that calibration coefficients a;, a; that
minimise the inter-sensor differences minimise the differences between

L; — L;? actual and expected inter-sensor

differences L; — L; — K; ;?

== TIROS-N == NOAA-16

— — NOAA-6 = NOAA-17
o o NOAA-7 == NOAA-18
. - ° — NOAA-8 — NOAA-19

o o o o — NOAA-9 = ATSR-1

s - ° - — — NOAA-10 = ATSR-2

o o o o o o — NOAA-11 = AATSR
i R — NOAA-12 MetOp-A
1980 1990 2000 2010 2020 NOAA-14 == MetOp-B

Calendar year

== NOAA-15

= National Centre for -
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Harmonisation of time-series (2)

Ralf Quast, Ralf Giering (FastOpt, GmbH, Germany), Sam Hunt, Peter FIduceo

Harris, Emma Woolliams (NPL, UK), Jonathan Mittaz, Michael Taylor
(University of Reading, UK) (H2020 grant 638822)

Nominal residuals: Harmonised residuals:

< aatsr-moz
© aatsr-n1s
© aatsr-nl6

+ aatsr-moz
o aatsr-nls
o aatsr-nl6
« aatsr-n17 . aatsr-n17
+ aatsr-m8 . o aatsr-nig
« aatsr-n19 « aatsr-n19

© mo2-nls o mo2-nls

© mo2-ni6 + mo2-n16

o mo2-n7 e moz-m7

« mo2-ns8 + moz-n18

© mo2-n19 o mo2-n19

ol « m2-nm e ni2-nil

« n4-m2 + na-n12

© ni5-ni4 ° nis-nla

« ni6-nis « ni6-n1s

© nl7-n15 o m7-n1s

© n17-n16 + ni7-n16

© ni8-nls ° nig-nls

« ni8-nl6 + ni8-nl6

o ni8-m7 E o ms-m7

© n19-mis o n9-nis

. n19-me + n19-nl6

o n9-m7 o n9-m7

355 o5 00 007 o 5] + n19-ns 155 3 7003 2007 2011 05 |+ n19-nlg

e L= Time

Early results using machine learning techniques (see http://www.fiduceo.
eu/content/propagating-uncertainty-climate-data-record):
successfully merging these data and removing the jumps that can create
spurious trends in the climate data record.

— @ E:gzz;lhgﬁzusﬁigi . Climate Data for MPE g ﬁr\elvaeﬁlltly‘ogl

NATURAL ENVIRONMENT RESEAREH COUNCIL. Et.Al. and Bryan Lawrence - Exeter, 25/06/18
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Using Ensemble Output to develop new parameterisations

Now 20505 The problem:
-. 2 » We have an ensemble of simulations
Observed : which project/predict physical

properties of the environment.

» Want to predict a climate indice at
Simulation 1 some specific location (e.g. growing
degree days, or days where
temperature requires airconditioning).
Simulation 2 & Prediction
with

associated
uncertainties

» Can apply a variety of machine
— 7 learning approaches, but the need for
simulation 42 “ “ uncertainties adds complexity.

(Scott Hosking, British Antarctic Survey)

0o Eg 00 w0 00 @0 no 00 00
Numberof days with Tmax > 30.0C
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Atmospheric Science Climate Data for MPE g University of
NATURAL ENVIRONMENT RESEARCH COUNIL Et.Al. and Bryan Lawrence - Exeter, 25/06/18 Reading



Interesting Questions
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July 2007 Tewkesbury 7
flood: 3B€ loss!

Can we predict risk
into the future?

How will climate
change affect the
global distribution of
malaria?

How will climate change affect

the incidence of road and rail

closures due to landslides?
- -

What would be the impact of leakage from an oil
and gas well in UK waters on the national economy,
coastal and marine biodiversity and the well-being
of the population affected?

University of

Reading



Take Care - Interdisciplinary Language is imprecise

Models

Are usually based on “Direct
Numerical Simulation” even if some
components are of necessity
modelled with bulk statistical
properties. Need to take care when
talking with people for whom the
word “model” can mean “statistical
model”.

Prediction

In climate science, model based
prediction depends on confidence
that the model is based on physical
insight, and can predict emergent
physically sound properties of
change.

= National Centre for
Atmospheric Science Climate Data for MPE
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Models

Are usually based on “Direct
Numerical Simulation” even if some
components are of necessity
modelled with bulk statistical
properties. Need to take care when
talking with people for whom the
word “model” can mean “statistical
model”.

Prediction

In climate science, model based
prediction depends on confidence
that the model is based on physical
insight, and can predict emergent
physically sound properties of
change.

Take Care - Interdisciplinary Language is imprecise

THIS 15 YOUR MACHINE LEARNING SYSTEM?

YUP! YOU POUR THE DATA INTO THIS BIG
PILE OF LINEAR ALGEBRA, THEN COLLECT
THE ANSLIERS ON THE OTHER SIDE.

WHAT IF THE ANSWERS ARE LRONG? )

JUST STIR THE PILE UNTIL
THEY START LOOKING RIGHT

From XKCD

This is often fine, but when
prediction is required, check
assumptions and feedbacks!

o National Centre for
Atmospheric Science Climate Data for MPE
NATURAL ENVIRONHENT RESEARCH COUNCIL

Et.Al. and Bryan Lawrence - Exeter, 25/06/18 E
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Summary

Environmental science has been a data science since forever ...

Mean Central England Temperature
Annual anomalies, 1772 to 22 Mar 2018

Difference ("C) from 1961-90

Based on Parker et al. (1982)
-3.0 L L L L ! L ! | L _

1780 1800 1820 1840 1860 1880 1900 1920 1940 1960 1980 2000
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Summary

» Environmental data is messy, heterogenous, and volumnous.

» The original description of “big data” talked about volume,
velocity, and variety.
» We then added value, veracity (provenance), voting (standards)

» Handling future volume will require changes to the way we
think, from algorithms to the hardware and software platforms
required.

» There are many pioneering interdisciplinary activities exploiting
“modern” data science (aka machine learning, Al, and friends),
and much scope for more!

= National Centre for —
Atmospheric Science Climate Data for MPE E University of
Et.Al. and Bryan Lawrence - Exeter, 25/06/18 Readmg
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What the Data Deluge In Life Sciences Means For Exascale And Clouds

“Today, without a well executed software and data strategy, essentially the
entire modern scientific method just simply falls apart.”

“The next ten years will be critical because data will not only continue to be
collected at an ever-faster rate, but we will also need to compute against all
of it. At the same time.”

(Anthony Philippakis, Broad Institute)

*Enhance the NIH

B il e e Modernized Data Data Management, Workforce Stewardship and
Ecosystem Analytics, and Tools Development Sustainability
*Develop policies

*Optimize data *Modernize data

storage and repository
security ecosystem
eConnect NIH data *Support storage
systems and sharing of
individual datasets

*Better integrate
clinical and
observational data
into biomedical
data science

Source: https://www.nextplatform.com/2018/06/14/what-data-deluge-means-1life-sciences-exascale-clouds/

*Support useful,

for a FAIR data
ecosystem

*Enhance
stewardship

data-science

workforce
*Expand the

national research

generalizable, and
accessible tools
and workflows
*Broaden utility of

and access to workforce
specialized tools «Engage a broader
community

sImprove discovery
and cataloging
resources

(NIH Data Plan)

= National Centre for
Atmospheric Science
NATURAL ENVIRONHENT RESEARCH COUNCIL

University of
g Reading

Climate Data for MPE
Et.Al. and Bryan Lawrence - Exeter, 25/06/18
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N o g C n Summary

oooe

Modern Science: How do we work?

How we worked

PI stands on the shoulders of
her postdocs and students
(and as Newton would have

said, the giants.)

= National Centre for N
Atmospheric Science Climate Data for MPE g University of
NATURAL ENVIRONMENT RESEARCH COUNCIL Et.Al. and Bryan Lawrence - Exeter, 25/06/18 Reading
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Modern Science: How do we work?

How we work
How we worked

Pl stands on the shoulders of
her postdocs and students
(and as Newton would have

said, the giants.)

PI stands on the shoulders of her
postdocs, students, software engineers
and data scientists.

(Are the giants down with the turtles?).

= National Centre for -
Atmospheric Science Climate Data for MPE E University of
NATURAL ENVIRONMENT RESEARCH COUNIL Et.Al. and Bryan Lawrence - Exeter, 25/06/18 Reading
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