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Warren	M.	Washington	–	NCAR	
Scien6fic	Grand	Challenges	Workshop	Series:	

Challenges	in	Climate	Change	Science	and	the	Role	of	Compu6ng	at	the	Extreme	Scale	
DOE	Workshop	(ASCR-BER),		November	6-7,	2008	

	

•  Several	complex	processes	to	be	
simulated	

•  Several	interac6ng	processes	
•  Great	range	of	6me	scales	to	be	

analyzed	
•  Great	range	of	spa6al	scales	to	be	

considered	
•  Need	interdisciplinar	Science	

(physics,	chemistry,	biology,	
geology,…)	

•  Inherently	non-linear	governing	
equa6ons	

•  Need	sophis6cated	numerics		
•  Need	a	lot	of	computa6onal	

resources	
•  ….and	huge	volumes	of	data	can	be	

produced	and	large	datasets	need	
to	be	analyzed,	published,	
distributed,	curated,	...	

Modelling the Climate 
System
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Data Lifecycles… Simple to 
Complex

European	Data	Portal	

Sören	Auer	(2011)	“The	SemanBc	Data	Web”		
AGU	Data	Maturity	Model	

UCSC	Data	Lifecycle	
DCC	Data	Lifecycle	

Slide	courtesy:	Shaun	de	WiL	 5 



The United States Geological Survey Science Data Lifecycle Model

	Earth	System	Modelling	Workflow	
Source:	“ISENES2	Workshop	on	Workflow	SoluBons	in	Earth	System	Modelling”,	by	Reinhard	Budich	(Strategic	IT	Partnerships	ScienBfic	
CompuBng	Lab	MPI-M)	and	KersBn	Fieg	(ApplicaBons	Deutsches	Klimarechenzentrum	DKRZ).	June	3-5	2014,	DKRZ,	Hamburg.		

Earth System end-to-end 
Modelling Workflow

Today’s	
presenta6on	
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Climate (big) Data 
Challenges
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Large scale experiments 
CMIP
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CMIP data history and its big 
data evoluJon

Image courtesy: Dean N. Williams (LLNL)	
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IPCC Assessment Report 

IPCC	reports	cover	"the	scien&fic,	technical	and	socio-
economic	informaBon	relevant	to	understanding	the	

scienBfic	basis	of	risk	of	human-induced	climate	change,	its	
poten6al	impacts	and	opBons	for	adapta6on	and	

mi6ga6on”.	
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6th	Annual	ESGF	F2F	Conference	
December	5–9,	2016,	Washington,	D.C.	
Convened	by	DOE,	NASA,	NOAA,	NSF	

IS-ENES,	NCI	

GeMng access to CMIP data: ESGF
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ESGF: an open infrastructure for 
access to distributed geospaJal data

The	new	computaBonal	plaeorm	[…]	will	support	parallel	and	distributed	compu&ng	tasks	by	including	
OpenMPI,	Map/Reduce	and	streaming	compuBng	models.	The	new	compute	node	will	allow	for	large-
scale	manipula&on	 and	analysis	 of	data	 […]	We	 intend	 to	 fully	 explore	 the	possibility	of	providing	a	
configurable	 and	 scalable	 ESGF	 environment	 that	 can	 be	 easily	 deployed	 on	 the	 cloud	 […]	 to	 meet	
requirements	such	as	high	availability	and	elas&c	allocaBon	of	compu&ng	processes.	

…looking	forward	compuBng	and	analyBcs	

12 



ESGF and the CMIP data archive

Image courtesy: Dean N. Williams (LLNL)	 13 



CMIP scienJfic data analysis 
workflow in ESGF

ESGF Nodes
INDIGO FGEngine + Kepler
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CMIP5 Data usage staJsJcs CMCC 
Data node (Feb 2012-Apr 2014)

Client distribution for the CMCC Data Node (Feb12-Apr14)	

Data download stats  
(500TB Aggregated) 

5X Archive @CMCC	
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Key issues and challenges regarding 
climate data analysis

•  ESGF provides a large-scale, federated, data-sharing & access infrastructure
•  client-side and sequential nature of the current approach
•  The setup of a data analysis experiment requires that all the needed climate datasets 

must be downloaded from the related ESGF data nodes on the end-user’s local 
machine. 

•  for multi-model experiments data download can take a significant amount of time 
(weeks!) 

•  The complexity of the data analysis process itself leads to the need for end-to-end workflow 
support solution

•  analysing large datasets involves running tens/hundreds of analytics operators in a 
coordinated fashion. 

•  Current approaches (mostly based on bash-like scripts) requires climate scientists to 
take care of, implement and replicate workflow-like control logic aspects in their scripts 
(which are error-prone too) along with the expected application-level part. 

•  The large volumes of data pose additional challenges related to performance

16 



New approaches for climate 
data analysis at large scale

•  Dedicated data intensive facilities close to the different storage hierarchies will be 
needed to address high-performance scientific data management 

•  Server-side approaches will intrinsically and drastically reduce data movement 
•  download will only relate to the final results of an analysis
•  they will foster re-usability as well as collaborative experiments
•  Need for interoperability efforts toward highly interoperable tools/envs for data 

analysis

•  Cloud technologies will help on deploying in a flexible and dynamic manner 
analytics applications/tools  enabling highly scalable and elastic scenarios in 
clouds environments 
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EOSC, ECAS and 
Ophidia 
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The context: European Open 
Science Cloud

ü  The European Open Science Cloud (EOSC) is an ambitious program will 
offer a virtual environment with open and seamless services for storage, 
management, analysis and re-use of research data, across borders and 
scientifc disciplines by federating existing scientifc data infrastructures, 
currently dispersed across disciplines and Member States.


ü  This programme will deliver an Open Data Science Environment that 

federates existing scientific data infrastructures to offer European 
science and technology researchers and practitioners seamless access to 
services for storage, management, analysis and re-use of research data 
presently restricted by geographic borders and scientific disciplines.
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ENES Climate AnalyJcs Service 
(ECAS)

EOSC-hub receives funding from the EU’s Horizon 2020 research and innovation programme under grant agreement No. 777536.

ü  The ENES Climate Analytics Service 
(ECAS), proposed by CMCC & DKRZ in 
EOSC-hub supports climate data analysis

ü  It is one of the EOSC-Hub Thematic 
Services

ü  ECAS builds on top of the Ophidia big data 
analytics framework with components from 
INDIGO-DataCloud, EUDAT and EGI

ü  The Analytics-Hub is a paradigm joining data 
and computing able to provide a multi-
model environment for CMIP-based 
analytics experiments in ESGF





The	European	Commission	launched	the	European	Open	ScienceCloud	IniBaBve	to	
capitalise	on	the	data	revoluBon.	EOSC	will	provide	European	science,	industry	and	public	
authoriBes	with	world-class	digital	infrastructure	that	bring	state	of	the	art	compuBng	and	

data	storage	capacity	to	the	fingerBps	of	any	scienBsts	and	engineer	in	the	EU.
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ENES Climate AnalyJcs Service 
MoJvaJon

ü  Traditional approach to data analysis relies on data downloads and using 
local analysis tools
ü  Data are now too huge to download
ü  Data sharing and re-use are strongly desirable

ü  ECAS provides a server-side, parallel data analysis environment
ü  Computationally powerful: Ophidia analytics framework
ü  Easy to use: Jupyter notebooks and data sharing services
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•  ECAS:	a	data	analy6cs	service	for	EOSC	
–  ENES:	European	Network	for	Earth	System	Modelling	

•  Involved	insBtuBons:		
–  DKRZ:	German	Climate	CompuBng	Center		
–  CMCC:	Euro-Mediterranean	Center	on	Climate	

Change	FoundaBon	

•  Enable	server-side	workflows	for	Earth	system	
researchers	and	beyond	

•  ECASLab	is	the	virtual	environment	for	ECAS	
–  Integrate	several	UNIDATA	soQware	(NetCDF	lib,	

THREDDS	and	IDV)	
		

•  ECAS	is	based	on	the	Ophidia	big	data	
analy6cs	framework	

ENES Climate AnalyJcs Service 
Intro
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ECAS Service architecture and 
interfaces

Data	Sources	 Data	Sharing	

Suppor6ng	services	

ECAS	Work	Environment	

IAM	

23 



ECAS Featured use cases 
Climate data sharing, access, analysis and 

visualizaJon
 

ü Climate indicators 
ü  Integration ECAS/B2DROP 
ü ECAS Python API extended to support pushing of results to B2DROP 
ü Different interfaces (from file/datacube to B2DROP) 
ü Straightforward integration of B2DROP into Notebooks 
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Service Access

•  DKRZ and CMCC are the current service providers for ECAS 

•  The two instances can be used by users after registration 
–  The instances differ in the choice and amount of local data 

provided. Please refer to individual site documentation for 
details. 

•  Users can develop Jupyter notebooks with Python 
–  Share your workflows via the ECAS workflow repository 
–  Store results in B2DROP 
–  Git repo at https://github.com/ECAS-Lab  
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Ophidia: a scienJfic big data 
analyJcs framework

Ophidia (http://ophidia.cmcc.it) is a  CMCC Foundation  research 
project addressing fast and big data challenges for eScience 

It provides support for declarative, parallel, server-side data 
analysis exploiting parallel computing techniques and database 
approaches

It provides end-to-end mechanisms to support complex 
experiments and large processing workflows on scientific 
datacubes

26 



Big data challenges and the 
paradigm shi\

S. Fiore, A. D’Anca, C. Palazzo, I. Foster, D. N. Williams, G. Aloisio, “Ophidia: toward bigdata analytics for 
eScience”, ICCS2013 Conference, Procedia Elsevier, Barcelona, June 5-7, 2013 

Volume, variety, velocity are key challenges for big data in general and for climate 
change science in particular. Client-side, sequential and disk-based workflows are three 
limiting factors for the current scientific data analysis tools.  
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Server-side paradigm and the 
datacube abstracJon

Oph_Term: a terlminal-like commands 
interpreter serving as a client for the 
Ophidia framework 
 
Ophidia framework : declarative, 
parallel server-side processing 
 
Through the oph_term the user can 
send commands to the Ophid ia 
framework to manipulate datasets 
 
Three interaction modes: 
Operators, Workflows, Python Apps   

User metadata 
information 

Metadata provenance 

System 
metadata of the 
datacube (size, 
distribution, etc.) 
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Ophidia in a nutshell

•  eScience framework

•  Server-side 

•  Parallel

•  In-memory

•  Declarative 

•  Datacube oriented (multi-
dimensional OLAP support)

•  (Shared) Sessions

•  Workflows and applications

•  Interactive and batch support

•  HPC and HTC tasks

•  Both domain-oriented (e.g. nc) 
and domain-agnostic support 
(e.g. OLAP)



Requirements and needs focus on: 
v  Data subsetting 
v  Statistical analysis 
v  Time series analysis 
v Model intercomparison 
v Multimodel mean 
v  Data reduction 
v  Data transformation 
v  Param. sweep experiments 
v Maps production 
v Workflow support 
 
But also… 
v  Performance  
v  re-usability 
v  extensibility 

Data analyJcs requirements and 
use cases
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Core concepts 
Storage model, primitive & operators 
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Ophidia Architecture 
(sw stack view)

Front 
end	

Compute 
layer	

I/O 
layer	

I/O server 
instance	

Storage 
layer	

System  
catalog	

Array-based primitives	

Analytics Framework   

Standard interfaces 

Partitioning/hierarchical data mng 

Declarative language	

New storage model	
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Storage model and chunks 
distribuJon

Front 
end	

Compute 
layer	

I/O 
layer	

I/O server 
instance	

Storage 
layer	

System  
catalog	

Partitioning/hierarchical data mng 
New storage model	

33 



–  The Ophidia storage model is a two-step based evolution of the star 

schema to support scientific data management 

–  It relies on implicit (array-based) and explicit (tuple-based) dimensions 

for specific representations of data 

–  The first step includes the support for array-based data 

–  The second step includes a key mapping related to a set of foreign keys 

–  The second step makes the Ophidia storage model and implementation 

independent of the number of dimensions! 

Ophidia storage model
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Storage model (dimension-
independent) & implementaJon 

Parallel I/O	
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Data abstracJon
cube space perspecJve 

Manage the Ophidia file system 
CMD	 BEHAVIOR	

cd	 change	directory	

mkdir	 create	a	new	folder	

rm	 remove	an	empty	folder	or	hide	(logically	delete)	a	
container	

ls	 list	subfolders	and	containers	in	a	folder	

mv	 move/rename	a	folder	or	a	container	

…	 …	

TYPE	 CONTENT	

Text		 Plain	text	metadata	

image	 Binary	string	representaBon	of	an	image	

video	 Binary	string	representaBon	of	a	video	

audio	 Binary	string	representaBon	of	an	audio	stream	

url	 Text	represenBng	an	URL	

Metadata associated to the datacubes 

Search & Discovery 

User metadata 
information 

Metadata provenance 

System 
metadata of the 
datacube (size, 
distribution, etc.) 

User 
perspective 
(datacube 

abstraction) 

System perspective (internal storage representation) 
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Array-based primiJves

Front 
end	

Compute 
layer	

I/O 
layer	

I/O server 
instance	

Storage 
layer	

System  
catalog	

Array-based primitives	

37 



•  Ophidia provides a wide set of array-based primitives to perform data 

summarization, sub-setting, predicates evaluation, statistical analysis, 

compression, etc. 

•  Primitives come as plugins and are applied on a single datacube chunk (fragment) 

•  They are provided both for byte-oriented and bit-oriented arrays 

•  Primitives can be nested to get more complex functionalities 
 

•  Compression is a primitive too! 

•  New primitives can be easily integrated as additional plugins 

Array based primiJves
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Array based primiJves: 
OPH_MATH (“SIGN”)

oph_math(measure, “OPH_SIGN”, "OPH_DOUBLE”) 

Single chunk or fragment (input)	 Single chunk or fragment (output)	
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Array based primiJves: 
OPH_BOXPLOT

oph_boxplot(measure, "OPH_DOUBLE”) 

Single chunk or fragment (input)	 Single chunk or fragment (output)	
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oph_boxplot(oph_subarray(oph_uncompress(measure), 1,18), "OPH_DOUBLE”) 

subarray(measure, 1,18)	

Array based primiJves: 
nesJng feature

Single chunk or fragment (input)	 Single chunk or fragment (output)	

41 



Array based primiJves: 
OPH_AGGREGATE

oph_aggregate(measure,"oph_avg”)

VerJcal aggregaJon

Single chunk or fragment (input)	

Single chunk or 
fragment (output)	

42 



PrimiJves documentaJon

hZp://ophidia.cmcc.it/documentaBon/users/primiBves/index.html	 43 



AnalyJcs framework and 
datacube operators

Front 
end	

Compute 
layer	

I/O 
layer	

I/O server 
instance	

Storage 
layer	

System  
catalog	

Analytics Framework   

44 



! Data!Operator! Description!

OPH_CONCATNC) Concatenates)a)NetCDF)file)to)a)data)cube.)
OPH_DELETE) Deletes)a)data)cube.)
OPH_DUPLICATE) Duplicates)a)data)cube.)
OPH_EXPLORECUBE) Shows)the)content)of)a)data)cube.)
OPH_EXPORTNC) Exports)a)whole)data)cube)into)a)single)NetCDF)file.)

OPH_IMPORTNC)
Creates) new) a) data) cube) importing) data) from) a)
NetCDF)file.)

OPH_INTERCOMPARISON)
Generates) the) difference) valueLbyLvalue) between)
two)homogeneous)data)cubes.)

OPH_INTERCUBE)
It) executes) an) operation) between) two) data) cubes)
and) returns) a) new) data) cube) as) result) of) the)
specified)operation)applied)element)by)element.)

OPH_MERGECUBES)
Merges)the)measures)of)n)input)data)cubes)creating)
a)new)data)cube)with)the)union)of)the)n)measures.)

OPH_PUBLISH) Generates)web) pages) representing) the) data) stored)
in)the)fragments.)

OPH_RANDCUBE) Creates)a)new)data)cube)with)random)data.)

OPH_REDUCE)
Applies) a) data) reduction) operation) along) one) or)
more)implicit)dimensions.)

OPH_SCRIPT) Executes)a)bash)script.)

OPH_SUBSET)
Extracts)a)subset)from)a)data)cube)using)the)values)
of)the)dimensions.)

)

Metadata&Operator& Description&

OPH_CUBEELEMENTS.
Computes. and. displays. the. total. number. of.
elements.contained.in.a.data.cube..

OPH_CUBEIO. Shows.the.provenance.of.a.data.cube..

OPH_CUBESCHEMA. Displays.the.metadata.and.dimension. information.
associated.to.a.data.cube..

OPH_CUBESIZE.
Computes.and.displays.the.total.size.(on.disk).of.a.
data.cube..

OPH_FIND. Finds.a.data.cube..

OPH_LIST.
Displays. the. list. of. data. cubes. and. containers.
available...

OPH_LOGGINGBK. Shows.session.and.job.information..

OPH_MAN.
Shows. a. description. about. an. operator. or.
primitive..

OPH_METADATA. Manages.metadata.information..
OPH_OPERATORS_LIST. Displays.the.list.of.available.operators..

.

About 50 operators for data and metadata processing 

oph_apply(oph_predicate('oph_float','oph_int',measure,'x-298.15','>0','1','0')")	

oph_apply	operator	to	run	any	primiBve	on	a	datacube		
y=f(x)		à	oph_apply(oph_boxplot)	

AnalyJcs framework and 
datacube operators
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AnalyJcs framework and 
datacube operators

46 



The analyJcs framework: “data” 
operators

hZp://ophidia.cmcc.it/documentaBon/users/operators/index.html	 47 



The analyJcs framework: 
metadata operators

48 



AGGREGATE	ALL	MAX		

FRAGMENT1	–		
1	TUPLE	x	1	ELEM.	

ID		 MEASURE	

1	 24,35	x1	

FRAGMENT1	–	
64	TUPLE	x	1	ELEM.	

ID		 MEASURE	

1	

2	

…	

64	

19,78	

12,87	

…	

24,35	
x1	

MERGE	ALL	
FRAGMENT	1	–		

1	TUPLE	x	1	ELEM.	

ID		 MEASURE	

1	

x64	

FRAGMENT	2	–		
1	TUPLE	x	1	ELEM.	

ID		 MEASURE	

1	

FRAGMENT	3	–		
1	TUPLE	x	1	ELEM.	

ID		 MEASURE	

1	

FRAGMENT	4	–		
1	TUPLE	x	1	ELEM.	

ID		 MEASURE	

1	 24,35	

FRAGMENT	64	–		
1	TUPLE	x	1	ELEM.	

ID		 MEASURE	

1	 24,35	

AGGREGATE	ALL	MAX		

FRAGMENT1	–	10^4	
TUPLE	x	1	ELEM.	

ID		 MEASURE	

1	

2	

…	

104	

FRAGMENT2	–	10^4	
TUPLE	x	1	ELEM.	

ID		 MEASURE	

1	

2	

…	

104	

FRAGMENT3	–	10^4	
TUPLE	x	1	ELEM.	

ID		 MEASURE	

1	

2	

…	

104	

FRAGMENT4	–	10^4	
TUPLE	x	1	ELEM.	

ID		 MEASURE	

1	

2	

…	

10^	

FRAGMENT	64	–	10^4	
TUPLE	x	1	ELEM.	

ID		 MEASURE	

1	

2	

…	

10^4	

16,11	

24,35	

…	

FRAGMENT1	–	10^4	TUPLE	x	10^5	ELEMENTS	

ID		 MEASURE	

1	

2	

…	

10	

FRAGMENT2	–	10^4	TUPLE	x	10^5	ELEMENTS	

ID		 MEASURE	

1	

2	

…	

10	

FRAGMENT3	–	10^4	TUPLE	x	10^5	ELEMENTS	

ID		 MEASURE	

1	

2	

…	

10	

FRAGMENT4	–	10^4	TUPLE	x	10^5	ELEMENTS	

ID		 MEASURE	

1	

2	

…	

10^	

x64	

1,95	 8,64	 10,47	 …	 16,11	

14,81	 18,14	 19,93	 …	 24,35	

…	

6,87	 10,99	 12,85	 …	 16,93	

1,95	 8,64	 10,47	 …	 16,11	

14,81	 18,14	 19,93	 …	 24,35	

…	

6,87	 10,99	 12,85	 …	 16,93	

FRAG64	–	10^4	TUPLE	x	10^5	ELEMENTS	

ID		 MEASURE	

1	

2	

…	

10^4	

1,95	 8,64	 …	 16,11	

14,81	 18,14	 …	 24,35	

…	

6,87	 10,99	 …	 16,93	

REDUCE	ALL	MAX		

16,93	x64	

Real	path	through	
4	Ophidia		operators	

Ideal	path	
“3”D	base	
cuboid	

“0”D	apex	
cuboid	

Pipelining analyJcs operators to 
reduce data
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Advanced features 

Workflows management,  
In-memory analytics, Python binding 
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Architecture evoluJon

Workflow support on 
the server side

Separation of 
concerns between 
framework and I/O 
components

Support different I/O 
servers

Native I/O server with 
parallel execution 
engine

Multiple storage 
systems supported

51 



Support for scienJfic data analysis 
experiments

52 



Workflow support

 
 

53 
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AnalyJcs workflows support and 
interfaces

54 



AnalyJcs workflows support and 
interfaces

55 



Behind the scene: workflow JSON 
representaJon

Youtube video:  https://www.youtube.com/watch?v=PTZkw60YCNU 56 



Workflow submission

57 



Single	model	precipitaBon	trend	analysis	

MulB-
model	
staBsBcal	
analysis	

Workflow example:  
MulJ-model analysis (CMIP)

58 



Workflow example: 
MulJ-model analysis

	The	ESiWACE	project	has	received	funding	from	the	European	Union’s	Horizon	2020	research	and	innovaBon	programme	under	
grant	agreement	No	675191	hLp://www.esiwace.eu	

59 
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MulJ-model analyJcs workflow 
Two implementaJon Strategies

		 Approach	 Mode	 Library	 Code	 LoC	 ExecTime	

Workflow	 SS	-	SI*	 Batch	 Ophida	WF	 JSON		 544	 199	(1.6x)	

Notebook	 SS	-	MI*	 InteracBve	 PyOphidia	 Python		 122	 319	

* SS: Server Side; SI: Single Interaction, MI: Multiple Interactions
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ECASLab 

Data Science environment 

61 



ECASLab in a nutshell

62 



Jupyter notebooks

63 



Python eco-system and the 
PyOphidia class

•  Programmatic support for 
data science applications

•  Python binding to Ophidia

•  Based on two Python classes

•  Available on conda-forge

https://pypi.org/project/PyOphidia/   
64 



Grafana monitoring interface

ü  Based on grafana  

ü  It provides real-time 

monitoring of the Ophidia  

cluster 

ü  Used internally by admins 

ü  It also supports application-

level monitoring (for wf) 

65 



 
Levels of parallelism and 

HPC deployment 
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Datacube-level parallelism
HTC paradigm
At the front-end level
Based on the “massive” operator 
concept

Framework-level parallelism
HPC paradigm
MPI/Pthread
At the HPDA framework level

Fragment-level parallelism
OpenMP based
At the I/O & analytics server level

1	

3	

2	

Three levels of parallelism
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Python code and HPC 
infrastructure transparency

Data	parBBoning	and	
distribuBon	

Framework	operator	
parallelism	

I/O	&	AnalyBcs	nodes	
allocaBon	

Framework	operator	parallelism	



On-demand instanJaJon of an 
Ophidia custer

		

•  Target environment
–  HPC machines

•  Athena Cluster
–  482 nodes
–  Intel Xeon E5-2670 

Sandybridge 2,6GHz, 16 
cores/node

–  7712 cores total, 160 
TFLOPS

•  Deployment statement
–  ophclient.submit("oph_cluster 

host_partition=test; 
action=deploy;nhost=64;")

•  It allocates a set of nodes on 
the HPC cluster as I/O & 
analytics servers	
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Useful resources and 
final remarks 
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Website

Website: http://ophidia.cmcc.it  
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Some nice readings
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Useful Resources

•  ECASLab: https://ecaslab.cmcc.it/web/home.html 

•  JupyterHub: https://ecaslab.cmcc.it/jupyter/hub/login  

•  Website: https://ophidia.cmcc.it  

•  Documentation : http://ophidia.cmcc.it/documentation 

•  The Ophidia code is available on GitHub under GPLv3 license at 
https://github.com/OphidiaBigData 

•  RPMs are also available for CentOS6 at the following repo: 
http://download.ophidia.cmcc.it/rpm 

•  Youtube Channel  
https://www.youtube.com/user/OphidiaBigData/ 

•  To get started in a few minutes with Ophidia, a Virtual Machine Image (OVA 
format) is also available at https://download.ophidia.cmcc.it/vmi_desktop/ 
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What have we learned 
today?

•  Community experiments in the climate domain: the CMIP use case 

•  Needs and challenges for analyzing climate (big) data 

•  ECAS: a solutions for server-side, parallel data analysis in the EOSC 

landscape 

•  In-depth view of the ECAS core framework (Ophidia) 
–  Architecture, datacube abstraction, storage back-end, primitives and operators 

–  Link with EUDAT B2* services 

–  Workflows and Python apps 

•  ECASLab: a Data Science eco-system  for climate data analysis 
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Thanks	

http://ophidia.cmcc.it	

@OphidiaBigData	

www.youtube.com/user/OphidiaBigData 
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