|
SK’rt.elecom

loT &lAl GIOIE NS =45
2~ T E0 O & A

N LT

Deokwoo Jung, PhD.

SK €dl& S&JI=&

Partner for New Possibilities




— 2 X}
| . Data-Driven Energy Analytics (DDEA) 2
|| . DDEA architecture & &
lll. Finland VTT 2 & & & Atd|

|V. Distributed DDEA: Work in Progress.

V. DDEA 2| E} vertical loT &2



Data-Driven Energy Analytics
(DDEA)



DATA DRIVEN ENERGY ANALYTICS

Industry—Scale Demand—Response Resource Finder




WHAT DDEA IS AIMING

e Demand-Response Resource Finder
e Unsupervised-Learning with Sensor Data

e Industrial-Scale DR Service Provider (AaaS )



HOW DDEA WORKS

Data ' Model
g Summanization Discovery

e Pre-processing Sensor & Environmental Data
e Data Summarization (Feature Extraction & Clustering)

e Model Discovery by Learning Algorithm



The Data-Driven Energy Analytics (DDEA)

Scalable Energy Use Analysis Platform for Smart building

Project Goals
@® Make DDEA scalable to >100x buildings :
o data query/ loading / processing time optimization.
@® Make DDEA integratable to Internet of Things (loT).
o inter-operating with WSN, meta-data transformation,
@® Increase DDEA usability for Layman
o IFTTT style rule setting / checking/ searching/ event alarm.
o Intuituve Data Analvsis Visualization. Dw
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The Data-Driven Energy Analytics (DDEA)
Scalable Energy Use Analysis Platform for Smart building

eData Management & Processing Methodology
o An approach to process BEMS Bigdata utilizing Open Source Python Scikit-Learn
(http://scikit-learn.org/) and R bnlearn (http://www.bnlearn.com/).
o A strategy to locally save, to simplify, and to process data in parallel.
o A data model applicable to any type of BEMS and climate data.

e Data Modeling Methodology
o A mechanism for Automatic BEMS data pattern recognition.
o A topology for a data model without Naming Scheme information.
o A correlation model for BEMS data pattern, climate data, and time.

eAnalysis Methodology based on BEMS Data Model
o Potential causation models among BEMS pattern, climate data, and time.
o Algorithms to automatically compute the weight of data points utilizing statistical
causation model.
o Automatic computation and visualization methods for causation graph using
Bayesian Network based on the weight of data points.

eAdaptive Operatiblity on Various Environment

o Ability to load sensor data from various data infrastructures.
o Operability on wide variety of hardwares and software environements.
o Web-based Frontend to support connectivity from mobile to desktop



DDEA Architecture



DDEA architecture : Current implementation

Data Preprocessing
e Data Retrieval and Standardization
o User-specified analysis period

o Weather and BEMS database |

o Binary files in hard-disk
o Single global time reference
e Interpolation / Outlier detection

Data Summarization
e Data Transformation
o Regular/ Irregular Event
e Sensor Clustering

Model (or Rule) Discovery
e Automatic State Classification

Temp./Humd ./

Events/...
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e Bayesian Network Discovery and Aﬁalysis
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Data Preprocessing

e Data Retrieval and Standardization - Interpolation / Outlier detection

VTT Site: Large variations and correlated disruptions GSBC Site : Bad Outliers Power meter BMS data of
in sampling intervals among 5 sensors are observed ['30010017', '30040005', '300140009', '30040013', '30040019'
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Data Preprocessing

Data Retrieval and Standardization - Interpolation / Outlier detection

13 sample data points retrieved from weather and BEMS database during 8 - 15 July, 2013
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Data Summarization

e Data Transformation - Sensor measurement event classification

Proposed Signal
Feature for Event
Analysis

Regular Event ( Average Value)

Irreqgular Event (Differential Value)

Data
Characteristics

Periodically occurring
measurement e.g., high and
low peak in daily energy
consumption

Non-Periodically occurring
measurement . e.g., sudden drops in
energy during daytime.

Time window

Set by users (default 15 min)

Set by users (default 15 min)

Data Feature

Extraction Average: Average
value

Differential: Burstiness of
Measurement Fluctuation

State
Classification

Ternary States Low Peak, High
Peak, and Non-Peak in hourly
average of measurement

Binary States Regular or Irregular
fluctuation in measurement
differential.

Classification
Method

K-Mean

K-Mean / GMM




Data Summarization

e Data Transformation - Regular event classification

o Automatically can transform all measurement data into hourly average and classify the hourly
average into ternary states, ‘Low-Peak, High-Peak, and No-Peak.

o The regular event classification greatly simplifies temporal characteristics of measurement points
that allows us to build tractable Bayesian Network for regular events.

gualar Event Classification
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Finland VIT 23 & & Ald



Sampling density of VTT testbed in one week (1/11/2013 - 8/11/2013)
analysis interval, t = 20 mins , x-axis: time index y-axis: sensor/data stream index
the brighter the color, the higher density

~7 buildings with KETI
sensors and MS Electrix high
resolution energy metering
(1 second) .~ KETlsenso
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Analysis - VIT - Summary : Model Discovery
(Aalysis of GW2.CG_SYSTEM_ACTIVE_POWER_M)

« Solar systems

v/ Solar heat flat-plate collectors (collector area 16 m2 / estimated
yearly heat production 575 kWh/ m2)

v’ PV-panels (panel area 35 m2 / peak power 5,2 kWp)

Figare 33, Modvie of '{jhrr DPlave malleciars of the solar heafing sviten,
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Analysis - VTT - Summary : Model Discovery
(Aalysis of GW2.CG_SYSTEM_ACTIVE_POWER_M)

e Sensor-Time-Weather Causality Analysis

. Likelihood of High-Peak
o Bayesian network structure that
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Analysis - VTIT - Summary : Model Discovery

VAK1_CG_SYSTEM_REACTIVE_POWER M- Irregular (Differential)
« Heating networks (GSHP 128/AHU+floor 200/320 kW)

v AHU (Ground source heat pump, district heat, solar heating)
v Radiators (Ground source heat pump, district heat, solar heating)
v DHW (Ground source heat pump, district heat, solar heating, grey water heat recov)

30000

20000

10000

10000

VAK1_CG_SYSTEM_REACTIVE_POWER_M
T 1

May 2013 Jun 2013 Jul 2013 Auc 2013 Sep 2013 Oct 2013 Nowv 2013 Dec 2013 Jan 2014 Fek 2014

EL
2

'n District heat___

& 17%
Heat pump ist
34.8% a
" =]
1 Grey water .
heat recovery_./’F '
6% -
_~Lighting ¥ ‘ _Heat pump
T 22.4% Solar_/ T A%
3%

Pumps __ —
5.7%

Tenant energy__——

“_Cooli
16.1% s

0.3%

Figure 11. Electricity consumption distribution. Figure 6. Hear production distribution.



Analysis - VTT - Summary : Model Discovery

VAK1 CG_SYSTEM REACTIVE_POWER M- Irregular (Differential)

WAKL LG SYSTEM REACTIVE POWER M- 15 min differential value
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Analysis - VIT - Summary : Model Discovery

VAK1 CG_SYSTEM REACTIVE_POWER M- Irregular (Differential)
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Distributed DDEA
Work in Progress



CURRENT DDEA STACK

Display / Ul Layer
HTML

@GL"‘ E - Compact & Compatible

Processing Layer

ol

Scikit-Learn Numpy R

IS

Query-less

bin file

Support Various Storage
Types

* Single-Host Multicore

Data Storage Layer

2558
X

InfluxDB Quasar

Awareness




DDEA architecture

Adaptive Data Infastructure Analysis
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Analyzing sMAP on Spark : Work-in-progress

Dent Meter Reading : ~50GB
BACnet Reading : ~200GB

x100 sMAP : 5~20TB



DISTRIBUTED DDEA

Display / Ul Layer e Industry-Scale Time-
HTML Series Data Collection &

@G L. E Retrieval

e Batch & Realtime Data

Processing Layer

<

SprK e Horizontal Scalability

Spark / Spark MLlib Apache Mahout over CIUSter / CIOUd

Processing Capacity

Data Storage Layer _
e Centralized Data

Fuasar Collection & Processing

(HA Mode)
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St xll & (FAB) At=s32t AlAE Overview

Discovering Hidden Factors is a key for success ,
yet challenging to automate it !!
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YMS (Yield Management System)
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FDC (Fault Detection &Classification)
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Same Framework

Find Optimal Transform
Exploit Data Sparsity
Simplify your model.
Robust Analysis

Weather BEMS
Database Database

Temp./Humd /
Events/

.......

Pre-processing |

. —F Meter/ Controlf
analysis period State/etc..

¥ ¢y
{ | Data Retrieval and
i | standardization

¥

: Outlier Detection

v

Interpolation

S P

[ ]
Data
Transformation
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Sensor Clustering

Moadel Discovery ------ ‘

Automatic State
Classification
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Bayesian Network
Structure Discovery
and Analysis




Vibration raw data - 37.5kHz
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Vlbratlon raw data 300Hz

wwwwmwwwwmw i

MWMMWWWMWWWWMWMWWWWW

—200 W
300 | I
—400




Discrete Cosine Transform- 37.5kHz
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Discrete Cosine Transform- 300Hz
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Automatic Feature Extraction - Reference
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Automatic Feature Extraction - Unbalanced
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Clustering for Reference & Unbalanced Fan

Peak Harmonics Feature Extraction for Fan
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Questions ?



