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SMART GRIDS =SMART METERS = SMART DATA
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ELECTRICITE RESEAU DISTRIBUTION FRANCE

RESEAU ET MARCHE DE
LELECTRICITE
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Accueil ! Réseau et marché de I'électricité ! Innovations ! Linky

Envayer Imprimer &= Partager %

Linky, le compteur nouvelle
generation

Linky présente de nombreux avantages pour le client. A commencer
par une facture qui pourra étre calculée sur la base de la
consommation réelle, des interventions réalisées a distance (donc

sans contrainte de rendez-vous) et dans des délais beaucoup plus
courts.

Une expérimentation réussie

La Commission de régulation de I'énergie (CRE) a confié 3 ERDF le soin de mettre en geuvre une
expérimentation & grande échelle sur un systéme de comptage évolué

250 000 compteurs ont ainsi été déployés de 2009 3 2011 sur un territoire rural (Indre-et-Loire) et un

territoire urbain (Lyon}. Cette expérimentation a répondu aux objectifs fixés : ERDF a prouvé sa maitrise

des processus de déploiement (efficacité, sécurité, satisfaction client), construit le systeme
dinformation final, validé les hypothéses économiques. Les pouvoirs publics ont ainsi décidé le 28
septembre 2011 de généraliser le projet: 35 millions de compteurs Linky devraient étre installés sur
tout le territoire d'ici 2020

French

project : 35+ millions of
Smart Meters, = billions of
metering data

Currently, pilot program with 300k
smart meters deployed
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développement durable

* Vous étes une entreprise, vous
cherchez des informations sur
les prestations de pose du
compteur Linky

¥ e compteur communicant
Linky 'ERDF - une
expérimentation réussis
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SMART METERING DATA: WHAT DOES A
LOAD CURVE LOOK LIKE ?

Some characteristics of French electricity
consumption : annual cycle

Seily Eoerly (Mamit Tompoimine sl neiiiostys rom eIOSRIAN SOMGIL

saesdiasERRisasn i

oA aoHEaE Eamans ETAE RS by bt ] TAOHOO L} 2 1RO 7. i 1 o AR

Special days and events:

.
=i

~ August

i

B D e e Ea e e R o

q CHADVDE 21 06OS 1 M0ME 3101 D0E 2001006 1042008 2002006 180107 DVTROT 200207 D0Ta0T OB0S07 2007 1RI0507 DEenT 20807 4a0Tor 070807 Z7A0TT
L]

- =

~ ~ €eDF EDF R&D - SIGMA? | 6




SMART METERING DATA: WHAT DOES A e

LOAD CURVE LOOK LIKE ?

Some characteristics of French electricity
consumption : temperature’s effect in winter
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SIGMAI“E i: b

SMART METERING DATA: WHAT DOES A 'Hadoo:i

BigData g

LOAD CURVE LOOK LIKE ?
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Individual load curves :
-Left : same customer, two different days
-Up: same day, two different customers
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MASSIVE DATA MANAGEMENT IN THE

ENERGY DOMAIN

= Challenges:
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= More complexity in the electric power system (distributed generation, demand

response ...)

= Faster complexity of customer indoor equipment (smart meters and devices, Internet

Of Things ...)

» Core business will involve more IT and data management
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Data at Rest

Terabytes to
exabytes of existing
data to process

Data in Motion

Streaming data,
milliseconds to
seconds to respond

Data in Many
Forms
Structured,

unstructured, text,
multimedia

Data in Doubt

Uncertainty due to
data inconsistency
& incompleteness,
ambiguities, latency,
deception, model
approximations
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MASSIVE TIME-SERIES STORAGE it 5

Srorage

= Objective: Proof Of Concept for running a large number of queries (variable
levels of complexity with variable scopes and frequencies, variable acceptable
latencies) on a huge number of load curves

= Data: individual load curves, weather data, contractual information, network data
= 1 measure every 10 mn for 35 million customers
= Annual data volume: 1800 billion records, 120 TB of raw data
= “Operational DataWareHouse” able to:
= Supply a large volume of data
= Ingest new incoming data (pre-processing)

= Allow concurrent and simultaneous queries: tactical queries, analytical queries, ad-
hoc queries

= Evaluation criteria: competition and performances (QoS, SLA), convergence and agility

* Traditional VLDB as well as Hadoop as a solution

J
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TIME-SERIES

= HADOOP:
= Native distributed file system (HDFS)

= Distributed processing using the MapReduce paradigm

= A large and fast evolving ecosystem

= Use cases: mainly on unstructured data

Making Hadoop Enterprise-Ready

OPERATIONAL ||
SERVICES

Compute Cluster

Data DFS Block 1 DFS Block
7 Map |
Zata datadata 4 DFS Block 1
Aars dstsdatsdass dats /"
Tata datadatadata dats -1
sats dmadatadaes dass > DFS Bleck 2
3] [Bedomn}—

ala datadataiats dats = I : =
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k
data datadatadata dats | DFS Block 2

data datadatadata dats "\\
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data datardata-dsta dats .u "
DFSBiock 3

Divide and Conquer

#ﬂ‘-ﬁ‘- HORTONWORKS
Hortonworks DATA PLATFORM (HDP)
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POC HADOOP: THE DATA MODEL
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Compressed data
Volume on HDFS :
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Courbogen can generate massive datasets (not too statistical realistic)
Generates load curves and associated data
Customizable tool: interval, duration, data quality, noise on the curves
Distributed architecture (NodelS, Redis)

Output as a data stream

Communication
Storage

WEB / Shell interfaces Coordination Producer Consumer

Consumer A
Consumer B

/ Consumer C

- Consumer A’

T - o b Consumer B’

| + FHEPHE N B Consumer C’
=z S \ Consumer A”
Consumer B”

Consumer C”

e ———

One week data for 35M curves
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R&D 20 nodes cluster,
336 cores

HBase
Low latency

High concurrency

L

RDBMS
Hive
CourboGen (pos)

Massive and distributed data generation m Data wharehousing .

Bl, ad hoc queries
Concentrator (production) _ﬂ_’
Customer metering data ation
Geographically dfstn]butedaggmg Hadoop System

All data stored in HDFS
Use of HIVE for analytical queries (11 months of data)

Use of HBASE at the forefront of data access (tactical queries) — (3 months of data)

‘
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POC HADOOP: DATA UPLOAD

= Daily data
= Raw data: 327 Go ; HDFS data: 50 Go, Hive/HBase : 25-28 Go

= |nitial upload : 15 minutes

Hadoop Representation models Total volume of data | Time for uploading and
component (compressed) preparing the data
HIVE Tuple mode 10*3=30To 2h 30, 35’ for uploading
HBASE Array (daily data) 3*3 =970 8 minutes (only upload,
aggregated data is
computed in Hive).
TOTAL 39 To 2H 38

L
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Overall GOOD results; for some types of queries, competitive with traditional

approaches

Tactical queries are successful handled by HBase, offering low latencies under a high

concurrent load

Analytical queries are processed by Hive

Analytical queries on HIVE

11 months of data, 35 millions of curves, 10 minutes interval

Partitioning: day/tariff/power

Tuple representation

Execution time

Query Execution time

(1 day) (7 days)
Global France aggregated curve — 10mn 1 min, 56 sec 19 min, 24 sec
Aggregated curve by tariff and power 2 min, 21 sec 24 min, 33 sec

Average consomption by building type
(ad-hoc)
[

1 heure, 18 sec

3 heures, 16 min, 50 sec

> =
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Tactical queries using HBase

3 months of data, 35 millions of curves, 10 minutes interval

500 concurrent queries, SLAs asked to be respected for 90% of queries

Array representation

NB requétes , Nombre de
, Pas de simultanées | SLA demarA\de / obtenu Ecart type en requétes
Duree temps ) par requéete en sec + cec effectuées /
P demandées / taux de réussite obtenu
obtenu sec
Jour 10min 200 200 <1 0,57 | 86,53 1,77 210,98
30min 50 50 <3 0,68 | 93,54 1,98 73,83
Semaine 10min 160 160 <2 2,11 88,36 9,16 45,76
horaire 40 40 <7 2,89 | 92,24 11,43 13,83
Mois horaire 32 32 <7 2,45 94,09 11,06 13,09
jour 8 8 <10 1,68 | 94,67 7,35 4,79
Trimestre jour 8 8 <10 2,13 94,33 9,12 3,77
hebdo 2 2 <15 2,13 94,92 8,98 0,95
[ J
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-——-- TUPLE

136630 -128(00.00am) 2008-01-01 RES1
136630 -127(00.10am) 307 2008-01-01 RES1 6
136630 15(23.50pm) 433 RES1 6
oclum Do Toroer Lronc IR
136630 [[-128,453], [-127,307],..,[15,433]] 2008-01-01

ID_CDC | P1(-128) P2(-127) l P143 (-15) npmmF 8 COLUMN

136630 453 2008-01-01 RES1

®» Computing a global aggregated load curve for 1 day

Representation model ‘ Daily volume ‘ Query execution time

Tuple 10.1 GB ( x 3 replicas) 2 min 22 sec
Column 8.8 GB ( x 3 replicas) 1 min 17 sec
Array 16 GB ( x 3 replicas) 1 min 18 sec

q
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POC HADOOP: VISUALIZATION

Hadoop / Tableau Software : Synchrones par RE

Date - 2008-06-07 - Synchrone du RE Tout
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Strong Needs for advanced analytics on smart metering data: Segmentation
based on load curves, Forecasting on local areas, Scoring for Non Technical
Losses, pattern recognition within load curves, predictive modeling, ...

Implementing classical data-mining tasks vs home-made methods

Use of existing librairies and toolkits vs developing Hadoop On Time-series
toolkit

L
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Rhadoop

3 R packages for analyzing data stored within Hadoop from R
(rmr2,rhdfs,rhbase)

You need to re-implement methods using the rmr2 package

Small users community

Linked to Revolution

A Java toolkit with data analysis methods implemented using MapReduce
paradigm

Apache foundation (http://mahout.apache.org/ )

Large users community

Evolving (and growing) very fast
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POC HADOOP: DATA CLUSTERING
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“ Examples of tests run on a data sets of 35 millions of curves, one measurement by curve
(daily average consumption)

* Script Rhadoop (execution time: 3.12 heures)

> tb_input_kmeans = mapreduce (‘/tmp/tb_kmeans_r.csv',
input.format = make.input.format('csv’, sep=""),
structured = T,
vectorized = T,
map = function(k, v) keyval( v$V1 %% 35000 , v, vectorized = T),

reduce = function(k,vwv) keyval(k , vv, vectorized = F),

backend.parameters =

list(hadoop = list(D ="mapred . reduce . tasks= 200",D="mapred . mar. tasks= 200")),
verbose=T

)

> kmeans(tb_input_kmeans, ncenters = 20, iterations = 15, fast = T)

= Script Mahout (execution time: 17 minutes)

$ mahout org.apache.mahout.clustering.conversion.InputDriver --input
/user/hive/warehouse/sigma.db/tb_input_kmeans --output /user/sigma/outputvector/

$ mahout kmeans --input/user/sigma/outputvector/ -c clusters -k 20 --output
/user/sigma/output -dm org.apache.mahout.common.distance.EuclideanDistanceMeasure
--maxlter 15 --overwrite --clustering

q
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FROST : ALIBRARY FOR TIME SERIES
TRANSFORMATION WITHIN HIVE

= Analytics and Data Mining on time series : curse of
dimensionnality

= FROST is a set of user defined functions in HIVE
enabling simplification of time series

FROST.JAR (First Release Of time Series '_
Toolkit) Tm W W % m

Example 0
ADD JAR FROST.JAR; \) 3; #-m\?;‘-

SELECT ID,SAX(POWER,8,3)
FROM BIG.DATA
GROUP BY DAY;

= Other functions in FROST :
= PAA : Piecewise Aggregate Approximation baabCCbC
= DFT : Discret Fourier Transform SAX principle
= DWT : Discret Wavelet Transform (Symbolic Aggregate approXimation)

v, « »
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= Objective: searching similar time-series within a huge sets of series
= Top-K or range queries based on a similarity measure
= Jumping or sliding windows

= Brutal force of distributed computations in the Hadoop environment: use of UDF Hive
functions

CREATE TEMPORARY FUNCTION knn_saut
UDAF 0 as 'com.alice.UDAF.KnnSaut'

5 2 < 3
5 - SELECT knn_saut(id_client, values,
rd day dist day)

FROM table;

id day values

S €DF EDF R&D - SIGMA? | 26
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Distance euclidienne, sur des données brutes normalisées, avec pour requétes des séries
n’existant pas dans la base
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FIGURE 6.2 - Résultats de six Top-1, en distance euclidienne, avec pour
requétes les six profils-type a partir desquels sont dérivés les séries de la
table conso_releve array

Data: 35 millions curves,
30 days

Top-5 (or top-500), with
UDAF functions on jumping
windows

~4 mn 45s
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POC HADOOP : CONCLUSIONS

" Hadoop as an alternative approach for storing and analyzing massive time-series
data (good results, some of them competitive for querying, ability to implement

advanced analytics)

" |s Hadoop enterprise-ready ?

" (+) : costs, commodity hardware,
flexible, scalability, structured and
non structured data, interoperability

= (-) : skills (high complexity), maturity
(security, operating, SQL-compliant)

= Recommendation: should be limited
to specific (non critical) usages such
as Big ETL, unstructured data, Bl sub-
set, Big sand-box and analytical
warehouse

Big Data Tag Team!

Enterprise

An Emerging Data Architecture

Custom Enterprise
Applications Applications
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Traditional Sources New Sources
(RDEMS, OLTP, OLAP) {web logs, emall, sensors, soclal media)

Sraten

DATASOURES
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POC HADOOP : PERSPECTIVES oo
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SmartGri

" Hadoop for unstructured data
" Text-mining applications
= Using Mahout library (more efficient, updatable) to implement text-mining
functions (Lucent)

" Needs tuning (format, stop words, ...) and integration (text + clustering,
results visualization)

" Currently tested on tweets

" Hadoop and HPC

" Impact on the location of data (Hadoop recommendations: data nodes
should be close to the processing nodes)

" |nstallation of Hadoop ecosystem on an HPC cluster
" Impact on performances (r/w) ST —

b3 i3

" NetCDF files (coming from simulation codes) ingested by P e—
Hadoop: —
= SciHadoop: Hadoop plug-in for NetCdf data sets S

. " Work in progress
~ ~ €eDF EDF R&D - SIGMA? | 30
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