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AThe Paris Agreement sets out a global framework to avoid
dangerous climate change by limiting global warming to well
below 2AC and pursuing efforts to limit it to 1.AC. It also aims to
strengthen countri esdo ability t
change and support them in their efforts.

ATheParis Agreemeris the firstever universal, legally binding global
climate change agreement, adoptedtheParislimate conference
(COP21) in December 2015.

A2015 was a historic year in which 196 Parties came together under the
ParisAgreement.
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IntroductionGlobal Energy Transformation

Global energytransformationand climate change

A The energy transition requires fundamental shifts in"\
policies,investmentgplanning processesattitudesand
behavior

A Move into the strong synergies between energy
efficiencyand renewableenergy

A Plan a power sectorfor whichrenewablesprovide a
highshareof theenergy

A Increase use of renewable electricity in transport,
buildingsand industry

A Fostesysterwide innovatiorfor energytransition

A Align socieeconomisstructuresand investmentvith the
transition

A Ensurethat transition costs and benefits are fairly
balanced

A Be aware of climate change as the key factor of
mankinduture
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[2] https://innovationatwork.ieee.org/thesmartgrid-could-hold-the-keysto-electricvehicles/

Which sectoral
policies could be
enhanced to
strengthen the
Energy
Transition?

»

Is the Energy
Transition at the
centre of government
policies?

-

v

What
changes in
institutional, business,
and financial behaviour
are needed to facilitate

Within the
energy sector,
are policies and
regulations focused
on delivering the

PLANNING FOR
THE GLOBAL ENERGY

and aécelerate the TRANSFORMATION Energy
nergy Transition?
Transition?

v

What

What forms of improvements in
technology renewable energy
innovation are and energy efficiency
needed? ‘ can be made in the

energy chain?

Figl: Key focus area fothe globalenergy transforma&'i))n
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IntroductionGlobal Energy Transformation

Energy transition
roadmap

Socio-economic

Energy-economy- footprint

Socio-economic environment Welfare
system outlook model

Employment

Fig 1. Relationship between energy transiii@amapand socieeconomic systestructure

A Why do we needglobal energytransformatior?
V Keepingthe global temperaturerisebelow 2 degreesCelsiug’C) istechnicallyfeasible

V It wouldalsobe moreeconomicallysociallyand environmentallipeneficial

V Currentlyemissiotrendsare notontrackto meetthat goal

A Howtheglobal energytransformatioanbe possibl@
Y, Energyefficiencyand renewableenergyare the mainpillars of the energytransition

V Renewablenergyand energyefficiencyneedto expandin all sectors
V By 2050, all countriegansubstantiallyncreasethe proportionof renewableenergyin theirtotal energyuse

V A decarbonisegower sectordominatedoy renewablesourcess at the coreof thetransitiorto a sustainablenergyfuture
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IntroductionGlobal Energy Transformation

Cumulative energy-related carbon emissions (Gt CO:)

1500
Reference Case: 2.6°C - 3.0°C
Cumulative CO: by 2050: 1230 Gt
Annual CO: in 2050: 34.8 Gt/yr
1200
2037: Reductions in REmap Case
CO: budget
ded compared to Reference Case
200 exceede Cumulative by 2050: -470 Gt

Annual in 2050: -25.1 Gt/yr

Energy-related CO: budget
66% <2°C 2015-2100: 790 Gt REmap Case: 66% <2°C
Cumulative CO:z by 2050: 760 Gt

600 Annual CO: in 2050: 9.7 Gt/yr

50% 1.5°C
Energy sector CO:z budget:
2015 - 2100: 300-450 Gt
Net annual COzemissions
in 2050: 0 Gt/yr
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Fig 1:.Cumulative energgelated CQ emissions and emissigap

Energy-related CO: emissions (Gt/yr)
Reference Case: 35 Gt/yr in 2050

35 _—
Buildings 3
30 Renewable
TR energy:
Buildings Transport 41%
25 District Heat 94% CO:z emission
Transport IS Electrification reductions from
W/RE: 13% Renewables and
20 District Heat Energy Efficiency
Energy
efficiency:
15 40%
Power — Al
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REmap Case: 9.7 Gt/yr in 2050
5
0

2010 2015 2020 2025 2030 2035 2040 2045 2050

ANl
KYUNG HEE

Renewables share in TFEC (%)
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Fig 2: Renewablenergy share in TFE®)

I Transport

Industry and
- Buildings
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A Basedon currentpolicies(setoutin the ReferenceCase)jn under
20 years, cumulativeenergyrelated emissionsvill exceed the
carbonbudgetrequiredto holdtemperaturencreasevelow2°C

A Emissioreduction®f 470 Gt will be neededby 2050 to reduce
warmingto 2°C

A Renewable energy and energy efficiency can provide over 90!

Fig 3:COz2 emissiongeduction using renewable energy

of the reductiomn energyrelated CO, emissions

- J

Gt: gigaton
TFEC: total final energy consumptign
REmaprenewable energy roadmap
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IntroductionGlobal Energy Transformation

Total primary energy supply (EJ/yr)

Total final energy consumption (PJ/yr) Electricity generation (TWh/yr) Renewables installed power capacity (GW)
800 400 000 18000
TPES increases Accelerated deployment 450 000 100 000
700 40% by 2050 of renewables and 15 000
under current energy efficiency result 300 000 60 000
600 and planned / in 30% decline in 1000

policies \ TPES 250 000
60 000
500 200 000 9000
15%
400 150 000 40 000 / 6000
669 100 000 —
- é - E -
50 000
200 o 0 o
I Renewable 2010 2015 2030 2040 2050 2010 2015 2030 2040 2050 2015 2050
100 3 4 % B Non-renewable \———— REmap Case —— M REmap Case —— \— REmap Case —’
o M Coal M Traditional biomass [ District heat wind M Bioenergy M Coal Others (incl. marine and hybrid)
0 M oil M Modern biomass Electricity W csp B Hydro M oil B Geothermal
2015 2050 2050 Gas Other renewables* SolarPv M Nuclear Gas
Reference Case — REmap Case E— *includes solar thermal, geothermal heat and hydrogen
Fig 1: TPE&Nd the share of renewable and roenewable energy Fig 2: The rising importance of electricity derived from renew
under the Referen@d REmapases energy
( N

A Undercurrentand plannedpolicies(the ReferenceCase)TPE$ expectedto increasealmost0% by 2050

A To achievea pathway to energy transition(the REmapCase),energy efficiencywould need to reduce TPESslightly below 2015 levels and
renewableenergywouldneedto providetwo-thirdsof the energysupply

\A Theshareof electricityin total final energyconsumptioneedsto doublebetween 2015 and 2050

EJexajoule
PJ:petajoule

GW: gigawatt
Twh terawatthour
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IntroductionGlobal Energylransformation

SmartGrid for Global EnergyTransformation

Nuclear Power Plant

Factories
Thermal Power Plant

Hydraulic
Power generation

Houses -
s Distribution Stations

/ :
SERRgEuuanvAn
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TS e b e - | | lllIIII
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i& Ia "yla Solar Power
Cities and Offices Wind Power Plant
Electric Vehicle
While the smart grid is not a new concept, new technologies are transforming the grid edge N
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Global Energy Transformation: SeEiwonomic Benefit

A SocieEconomidBenefit

V Environmentatelfare
A Reducingnaterialconsumption
A Reducingreenhousgasemissions

V Socialwelfare
A Spendingoneducation
A Healthimpactsromlocalair pollution

V Economiwelfare
A Consumptioand investment
A Employment
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Figl: Components of the welfare indicator used in this analysis
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Global Energy Transformation: Seemnomic Benefit

A SocioEconomidBenefit Investmentand Welfare

V Investmerdre shiftingto renewableenergyand energyefficiency
V A significanincreaseof socialwelfare includingenvironmenhealth,and employment

% change compared to the Reference Case

Reference Case energy sector investments REmap Case energy sector investments
between 2015-50 (USD trillion) between 2015-50 (USD trillion)

Power grids and flexibility; 9

\ Fossil fuels; 42

USD trillion

Reference
Case

Power grids and flexibility; 18

CCS & others; 0.5 \

Fossil fuels; 22.3

Renewable
energy; 9.6

Nuclear; 3.6

120

USD trillion

REmap
— Case —

Renewable
energy; 22.3
Energy
efficiency; 29

Nuclear; 3.7 Energy efficiency; 53

Fig 1: Investment wihiftto renewable energy and
energy efficiency
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Fig 2: The energy transition generates significant increases
in global welfare
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Global Energy Transformation: Seemnomic Benefit

A SocicEconomidenefit New Jobs
V Theenergytransitiorwouldgenerateover 11 millionadditionalenergysectofjobsby 2050
V Theenergytransitionwouldgeneratel4 millionadditionaljobsin renewableenergyby 2050

Million jobs

20 Million jobs

0.13 100
25

80

20 Others

Wind
I Hydro 60

Solar
(incl. SWH)

BN Bioenergy 40

Grid Enhancement**
15 I Energy Efficiency
Bl Renewables
I Fossil Fuels**

I Nuclear

10

20

2016 - Estimate 2030 2030 2050 2050 0 -

ReI:ear::oe \_Rg::p_) Remloe \_Rgan;:p_} 2016 - Estimate Re%(:é; . \_RZS?E“_) Reiie(:rggce \_RZEEZE;:_J
Fig 1: The energy transition is generating new jobs in Fig 2: The energy transitiaa generating new jobs in
renewable energysector energysector



Global Energy Transformation: Scope of Al in Energy Management 13r7s

AScopeof Al in EnergyManagement

Al techniques in distributed smagrid: Al for Energy management system in the smart grid:

Domain Distributed Generation Distribution and Management Smart Consumption

/ \ Grid Operation -
, Electrical flow —_— Energy
‘ Charging/Discharging === Management
System
r

Information flow

Industrial Nuclear D ' .
Power Plant Power Plant Operator / \ .
Market LTV Domestic Energy Commercial and
R Management Industrial Energy
) Management

Forecaster

s EE
P~
Components ﬁ H %) 7" Forecaster
ESS D
E ‘.(k.\ %_ E*Trw"% _.__% Meter / /Building = HEM W[ sy J[ et ]
anagemen M t inati
\Solar Panel Wind Turbmy ‘ Substations K s::i:’l = Svst? anagemen Coordination
Distributed Energy Resources  Distribution/Transmission Network Customer Network
________________________________________________________________ Home Community
Energy Energy
Distributed Distributed Smart Management Management
Energy Management Grid Intelligence Prosumers
Demand l A 4 l
Applications DER Load Supply RTO/ISO Data Storage Home Energy RES Appliance E AP '
: i inati p ; nergy and Price :
Integration Management l;t;:ca:scti:\gs Coordination || and Security Management Integration [ Scheduling ] [ F?ricasting ] [RES Integration ] |
|
Power Flow Generation Gri‘! He.alth DER Fault Energy Information
Optimization Forecasting Monikaring & Integration Detection Forecasting Security
Analysis
| Al-based solution
Al-based solution RES : Renewable Energy Source
RTO/ISOregional transmissionrganizationindependent systenoperator
DER : Distributed Energy Resource @
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Conceptual Model of Smart Grid Framework by IEC

A SmartGrid ConceptuaModel

—
Service
Provider

-

“eeee Distribution ==~ "\ Sustomer ~
\\’\—-/-/

Scurce: NIST Smart Grid Framework 1.0 Sept 2009

e Secure Communication Flows
o = = = = Electrical Flows

Domain

Fig 1. Smart Grid ConceptusMiodel 1.0 (2009)

[1] https://www.nist.gov/el/smart-grid/smartgrid-framework

Service
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Distribution & ‘
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Souwrce: DRAFT NIST Smart Grid Framework 4.0

Fig 2: Smart Grid Conceptuaodel 4.0 (2018) [1]

IEC InternationaElectrotechnic&ommission
NIST: Nationdhstitute of Standards arié&chnology
DER: Distributed Energy Resource )
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Conceptual Model of Smart Grid Framework by IEC

A SmartGrid ConceptuaModel Generationand TransmissionDomains

Generation

Transmission

Including DER

N Biomass

b’

ﬁ!
bR

Geothennal Pumped

r e 0'# ~T4~ For

Control Mealsure Protect Record Stablllze Optlmlze %

T o7

Measure Pmteci Record
[} 1

Source: DRAFT NIST Smart Grid Framework 4.0

\
,a
% ﬁ |
Source: DRAFT NIST Smart Grid Framework 4.0 *

External Communication Flows

Dlstnbutlon g External Communication Flows

== oo Electrical Flows
=== Electrical Flows 7

Fig 1: Energy Generation Domain [1]

\ &eieratlon Includlng DER/

Fig 2: Energy Transmission Domain [1]

The difference in level between points of supports
the lowest point on the conductor is called sag

and

KYUNG HEE

[1] https./lwww.nist.gov/el/smart-grid/smartgrid-framework
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Conceptual Model of Smart Grid Framework by IEC

A SmartGrid ConceptuaModel: Distributionand MarketsDomains

Distribution Markets

Cl:cu': N.O. Switch

Indicator —x—

°sto .Z‘é';“m T WT@ @ Distrbuted Diﬁ E
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Service
— ':l / . Provider
1
= 1

M. Market ﬁ.‘" —
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N— - w \E[ft’:nle:/ Source: DRAFT NIST Smart Grid Framework 4.0
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Fig 1: Energy Distribution Domain [1] Fig 2: Energy Market Domain [1]
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Conceptual Model of Smart Grid Framework by IEC

A SmartGrid ConceptuaModel CustomerDomain

a% Customer
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Fig 1: Energy Customer Domain [1]
[1] https./lwww.nist.gov/el/smart-grid/smartgrid-framework



Conceptual Model of Smart Grid Framework by IEC

A SmartGrid ConceptuaModel OperationsDomain
Operations

m..% @ A=

Analysis = Monitor Control

i ]

Load Control Reporting & Analysns
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\T Network Operatlons 4

N ot
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\ Provider

Ops Planning |2
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Fig 1: Energy Operation Domain [1]

[1] https://www.nist.gov/el/smart-grid/smartgrid-framework
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Conceptual Model of Smart Grid Framework by IEC

A SmartGrid ConceptuaModel ServiceProviderDomain

Service Provider

‘nonp ’
Customer i
Management Account ‘ 0 ﬁi
-

Management Emerging
Mg Services

| '*: 'L--'»' ~ R /_' | -‘ - ‘ *‘

ﬁ% ﬂ Installation & B
Maintenance ‘ o~ -' - Horie
Distribution ffy sung S g Mo

v - ‘\ Management

g External Communication Flows

e Internal Communication Flows - k:\x’\f"
=== Electial Fows &Vﬁ ]JI['T & []

. Domain

- ~~_Generation uE:Iudmg_DEi/

Source: DRAFT NIST Smart Grid Framework 4.0
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Conceptual Model of Smart Grid Framework by IEC

A SmartGrid ConceptuaModel CommunicationPathScenario

Energy
Market
Clearinghouse
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Role of Distribution Systédperators

A TransmissionSystemOperator(TSO)and Distribution SystemOperator(DSQ

V TSOisusedto refer to any kind of entitythatisresponsibldor operatingthe electricitytransmissiometwork

A Electricittransmissiosystenoperators(TSOsjre responsibldor the reliable transmissioof power from generationplantsto
regionalor local electricitydistributionsystenoperators(DSOspy way of a highvoltage electricalgrid

V DSOisusedto refer to any kind of entitythatisresponsibldor operatingthe electricitydistributiometwork

Transmission and distributional electricityoltagevaries
among the countries based on their policy

Color Key: Substation
Red: Generation SteprDwn Subtransmission
Blue: Transmission lﬁ‘[‘s ormer T Customer
Black: Customer 765, 500, 345, 230, and 138 kV ﬁ

. . —
Generating Station Primary Customer

ameas 13 kv and 4 kv

a @ || Secondary Customer

Generating Transmission Customer 190V and 240 \V
Step Up 138 kV or 230 kv =]y
Transformer
Fig 1. AC electricity grid from generation stations to consytiers N

@KYUNG_ HEE L . .
[1] https://en.wikipedia.org/wiki/Transmission_system_operator NTECLIGEN CE LB



Role of Distribution System Operators

A Conventionalversusemergingpower systemof distributedenergyresources

ﬁjﬁ Conventional scenario
f f =» Unidirectional
‘% Q flow of electricity
= e

ﬂ-ﬂ-!

=» No smart

;‘ﬁ( ﬁ_ grid/homes

" H =» Limited share
" of renewables

Large-scale

generation —— Transmission —— |ocal distribution —=———#  End consumption

kI Local storage
A2 o § o H%Eﬂ@

& B
ERER T[T B
Large-scale [.—.-] '
renewables
RS .
- @ Iﬁ o ﬂlrh i P Ras h e
m Emerging scenario i
Baseload/back =» Emergence of DERs
aseload/backup =*» Renewable generation technologies on ﬂ h “—
distribution and transmissaion networks @@@
=» Local battery storage deployment Local generation
=» Smart homes and smart grids T :
CVUNG HEE Fig 1. Emergena® distributed energy resourcgq
' pnERSITY [1]System operation, OFuture role of distribution sy-8292Mm116-per a twock's.06,



Role of Distribution System Operators

A EnhancedRoleof Distribution SystemOperator(DSO)

Traditional power system structure Power system structure with DER deployment

B it R - g o e - Two-way
3 ) ssee [-] [-] : e power ﬂOW % EEEE
N > % — |none aNle —p > B = ‘m’
= &
Wy A

I

|
End consumers TS0 . DSO —p Other End consumers
L S 4 RS mnie ‘ DERs with DERs

TSO

|
e

Connection and disconnection

of DERs Peak load management through DERs

Network congestion management
Provide reactive power support to TSOs =

Planning, maintenenace and
management of networks

Al-based
solution

Management of supply outages

Procure voltage support

Energy billing (only if verticall
4 g (only ¥ Technical validation for power market

integrated)

Fig 1. Enhanced role of the DSO [1]

arato()

UNIVERSITY
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Role of Distribution System Operators

A Cooperationbetweentransmissionand distributedsystemoperator
V Increaseaystentlexibility dueto DREparticipation ’

COORDINET PLATFORM

V Definitionof data that needto be exchanged | _____________________
A Nelworkdevelopment Balancing, congestions and Flexibility Congestion and voltage
L . voltage services requests offers services requests
A Demandand generationforecast |
A Ancillaryservices o
A Energymarkets ﬁ\o 2
< . . > —
A Loadsheddingand capacitymarkets é
TSO CUSTOMERS DSO
Consumers, prosumers, aggregators
T storage and generators T

A Challenges

V Distributiorgrid constraintare notalwaysrespected

V Centralizedand local marketclearedsequentially

V Schedulingnethodologyagreed by both TSOand DSOmightbe challenging
V Allocationof costdetweenTSOand DSOmightbe challenging

V Highcomputationatomplexitysinceconstraintsn bothtransmissioand distributiongrids are resolvedin a singlemechanism

G J

@ KYUNG HEE DRE : Demand and Response Entity
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Microgrid 26/78

V A microgridisa decentralizedgroup of electricitysourcesand loads[1]

V A microgridcaneffectivelyintegratevarioussource®f distributedgeneration(DG),especiallyRenewableéEnergySourcegRES) renewable
electricityand cansupplyemergencyower,changingoetweenislandand connecteanodes

General aspects of a Microgrid: “Definition and Operation”

4 :

Hybrid AC/DC Microgrids

Renewable Energy Resources

PV

What is a Microgrid?

Electric Vehicles ¢ A

Houschold appliances and electronics

Power
A Electronics

‘ Othor\ : \‘\
lecvrogrids - ———

\‘E E TR Energy markets
! = \\\——/ Weather forecast
PV: Photovoltaic compressed Air System Batteries R s
WT: Wind Turbine Fig 1: Microgrid([2] Fig 2: Gridconnected typicahicrogrid[3]
IBS: Intelligent Bypasawitch [1] https://en.wikipedia.org/wiki/Microgrid
PCC : Point of Common Coupling [2] https://microgridnews.com/ieggroceedingzoomssmartbuildingmicrogridintegration/ @
KYUNG HEE [3] M. Stadlerand ANaslé 66 Pl anni ng aladkabilemigrdgidmBléctrJavoli 3@,n o f

no. 5, PpP. 2@29, Jun. 2019. NETWORKING
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https://en.wikipedia.org/wiki/Microgrid

Microgrid 27/78

C Thereare severalway to designa microgrid
(V Communitynicrogrid |

V Buildingmicrogrid

V Islandmicrogrid

V Criticalinfrastructurenicrogrid
V Campusnicrogrid

V Military microgridand soon

H2 Fuel
Celis

Clean & Smart Community Microgrid

UTILITY
GRIDS Al

[ 4
'a
bt

Solar T ~
Generation &
P = B ~dh >
S T P
::“Sé bzé;‘: _ UTILITY _ .
> . I ]
Sy MCROGRIOS 12, ‘.

£~

-~
R g i 5 .
e ',iﬂ. d 8 ;ﬂ.

HSma.’l | »
it COMMUNTY . 3 Tt T
il MICROGRIDS 2N
: L Energy
BUILDING v Srs'a]é
MICRCGRIDS
< Solar
Generation
Smart
Safe, reliable, clean, resilient, decentralized e ndustries
Fig 4: Smart cityMicrogrid[1] Fig 4: SeveralMicrogridin operation [2]
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A SmartGrid ConceptuaModel CommunicationPath Scenaridfor Microgrid

Ao

Ancillary Services

Clearinghouse

/ Microgrid /
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Legend
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Source: DRAFT NIST Smart Grid Framework 4.0
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Fig 1:MicrogridCommunication Path [1]
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A Introduction

V Global Energy Transformation
A Key Sectors
A SocieEconomic Benefit
A Scope of Al in Energy Market

A Smart Grid Energy Generation and Distribution
V Conceptual Model of Smart Grid Framework by IEC
A Transmission, Distribution, Customer, Market, Operator, Service Provider

V Role of Distribution System Operators
A Transmission System Operator (TSO) and Distribution System Operator (DSO)

V Microgrid
A Artificial Intelligence for Energy Management
f V Al techniques in distributed smart grids
A IntelligenDistributed Energy Resourbsnagement

A Akbased Energy Management for Edgemputing
A SeltPowered Wireleshkletwork

A Riskaware Energy Management fticrogridpowered MEC Network
A Narrow Altbased Home Energy Management

A Conclusion and Future Direction
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Artificial Intelligence for Energy Management

A Al techniquesin distributedsmartgrids: Intelligent DistributedEnergyResourcedManagement
V Resilienéenergymanagement

A Distributedenergyresourcananagement
A Energyload management

A Powerflow optimization

A Generationpredictionand forecasting

V Distributedyrid intelligence

A Demandsupplyforecastingand energyload balancing
A Grid healthmonitoringanalysisand autonomoudecisiormaking
A Distributedenergyresourcentegrationand allocation

A Faultdetectionand correction

V' Smartprosumersanagement

(6,

A Homeenergymanagement
A Intelligenenergysharing

A Autonomousecuritymonitoring
o Informatiorsecurity
o Physicabafety

The Allgorithmsan be applied based on the
individual problem and requirements. Which
not only limited to neural networks, but they &
can be any kind of shalloweep, supervisedr
unsupervised learniragorithm.

are
e
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V Commerciahnd IndustriaEnergyManagement

ARetailenergymanagement

AFactoryenergymanagement

ALocalgrid coordination

V Domestienergymanagement

AHomeenergymanagement
o Appliancescheduling
o Energyand pricingforecasting

0 Localenergyresourcentegration

ACommunitgnergymanagement
o Autonomousoordinatedoperationwithlarge systen

o Energysharing

o Demandsidemanagement

Artificial Intelligence for Energy Management

A Al techniquesin distributedsmartgrids: Intelligent DistributedEnergyResourcedManagement

" Akbased controlling

Reinforcement learning
Multiagent reinforcement learning
BoltzmaniMachines

Federated learning
Bayesiametwork and so on

<K<

Classification

Convolutionaheural network
Capsule network

Support VectoMachine

Linear and natinear curve fitting
Decisiorrees andso on

<K<K

Regression and classification
V Long ShofTerm Memory
V Gated Recurrentnit
V Linear regression and so on

Clustering
V K-means
V DBSCAN (Densiased)

X V Gaussian mixture model and so on

J
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AArtificial Intelligence for Energy Management

V Al techniques in distributed smart grids
A IntelligenDistributed Energy Resourbanagement

A Albased Energy Management for Edgemputing
A SeltPowered Wireleslletwork

A NarrowAlbased Home Energy Management
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A Al techniquesin distributedsmartgrids: Al-basedEnergyManagementior EdgeComputing

'V The energy consumptioof the multtaccessedge computin}g
(MEChetworkdependsonthe amounbf taskloads

V TheMECsre already includednthe smartinfrastructures
A Suchas,smartcity, smartfactory, smartmedicalservicegtc

V On the other hand, microgrid also showsthe potentiality to
provideenergysupportto thesesmartinfrastructures

A Microgridcanbe an usefulenergysupplemento MEC

Goal

V To provide the energy supply plan for microgridenabled
MEChet wor Ks 0

A Thatensureshe sustainabl@nergysupply

Microgrid controller to
Base Station (BS) connectivity

g\! & 5

%BS with Multi-access Edge Servers

\ M &
\ BS with Multi-acm Edge Servers//’
\ 0 & 0/
\\ /
Fig 1: System model aficrogridenabled MEC

network

M. S. Munir, S. F. Abedin, N. H. Tran and C. S. Hong, "When Edge Computiktickbeeid A Deep Reinforcement Learning @

KYUNGHEE  Approach,” in IEEE Internet of Things Journal, vol. 6, no. 5, pp BBMct

. 2019,doi: 10.1109/J10T.2019.2899673. NErwoRke
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A Al techniquesin distributedsmartgrids: Al-basedEnergyManagementior EdgeComputing

A Challenges

v Energy consumptiof the MEC networksdiffers on the nondeterministiiow of computationaltaslg
requests

V Computationalcapacity of the MEC server and tolerable delay for the tasksare needed to be
considered

V Microgridenergygenerationsalsorandomovertime
V CoordinatiorbetweenMECenergyconsumpticand microgridenergygeneration

V A centralizedsolutionfaces the massiveoverheadin termsof required computatiorand signalingfor
denseMECnetworks

- J

M. S. Munir, S. F. Abedin, N. H. Tran and C. S. Hong, "When Edge Computiktickbegid A Deep Reinforcement Learning @
KYUNGHEE  Approach,” in IEEE Internet of Things Journal, vol. 6, no. 5, ppZ¥B5@ct. 2019,doi: 10.1109/JI0T.2019.2899673. o
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A Al techniquesin distributedsmartgrids: Al-basedEnergyManagementior EdgeComputing
Our Proposal

V We formulatea multiacces®&dge serverenergysupplyplan problem

A Objectiveisto minimizeéhe energyconsumptioof the MECnetworks

A Fulfillsthe computationaand latencyrequirements

A Establishes strongcoordinatiorbetweenthe MECnetworksenergyconsumptioand the microgridenergygeneration

V We decomposé¢heformulatedproblemintotwo sulzproblemso solvewithdata-drivenand distributedapproaches

A Energyefficienttasksassignmerntroblemfor MECinto communitgdiscoveryproblem

A Energysupplyplan probleminto MarkovDecisiofProceséVIDP)

V Toderivethe solutiorof thosesubproblems,

’A We apply a low complexitydensitybasedspatial clusteringf applicationsvithnoise(DBSCAND solvethe first
subproblemfor eachBSdistributedly

A Seguentiallywe employa modelbaseddeep reinforcemeniearning(MDRL)

M. S. Munir, S. F. Abedin, N. H. Tran and C. S. Hong, "When Edge Computiktickbegid A Deep Reinforcement Learning @
KYUNGHEE  Approach,” in IEEE Internet of Things Journal, vol. 6, no. 5, ppZ¥B5@ct. 2019,doi: 10.1109/JI0T.2019.2899673.
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Microgrid controller to

A SystemModel P o
. . . v Base Station (BS) connectivit
We consider anicrogridenabledMEC network '

Setof BSsB = {1,2,..., B} [ i z
Set of servers atBS ¢; = {1,2,...,C;}
Set of user tasks associated with:EKX = {1,2,..., K}
\\\BS with Multi-access Edge Servers ',:'" I-*’
We assume user associatiwalready made & /
with the B$ wik(t) =1 {0
. . \,  BS with Multi-access Edge Servers ///
A Communication:
O e 0
Transmissigrower : : :
: : Fig.1l: System model ahicrogridenabled
Channebandwidth —l l_ Channel gain MECnetwork
: () — w piGi(1)
Data rate for BS: () =wi 1082(1 t ooy S ren il (I)) (1)
Channel noise —I Interference

M. S. Munir, S. F. Abedin, N. H. Tran and C. S. Hong, "When Edge ComputiNtckéeetd A Deep Reinforcement Learning va
7Y KYUNGHEE  Approach,” in IEEE Internet of Things Journal, vol. 6, no. 5, piZ¥B6Mct. 2019,doi: 10.1109/JI0T.2019.2899673. o
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A ComputationModel

Data rate
V Servicerate: (1) ="l @)
ervicerate: pi(t) = NS0
Arrival rate T— Average traffic size
|
i
o Ai(t)
V Overall Utilization: pi(t) = f wir (t) dt, 4)
eT Hz‘(f)
Userassociation —T t Servicerate
1
V Expectation of servidene (vaiting+ service) 7;(t) = . (5)
P waiting )l = D= o)
V Latency ratio: Vi(t) = 1?,(:)(:) (©6) M/M/1 queuing model
V CPUresources utilization for a () =3 ( S Gyt ) o o1 66 CIEL e [0
single task at BB nEN NmeM _T L No. of CPU cycle:
CPU activeatio weight for asingle core

M. S. Munir, S. F. Abedin, N. H. Tran and C. S. Hong, "When Edge ComputiNtckéeetd A Deep Reinforcement Learning @
zf. KYUNGHEE  Approach,” in IEEE Internet of Things Journal, vol. 6, no. 5, pp¥B5@ct. 2019,doi: 10.1109/J10T.2019.2899673.
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A EnergyConsumptionModel:

Transmissigrower —l l_ Average traffic size

V BaseStationOperationEnergyConsumptiongret () = nﬂef(t)p*s(‘t(;) + @"et(t), «—— (8)
T

T_ Static energy consumption of B
Data rate operation

Network devices energy coefficierlﬂ—T

CPU activeatio l_ Static energy consumption

N M
V MEGCserver(CPUgnergyConsumption  £7%(t) =y ( > n“f’“cﬁmn(t)w> +oF (1), (9
m=1

n=1
Energy coefficient for CPU usagxie—I weight for asingle core
V TotalEnergyConsumption  £%(t) = Z (EX™ () (t) + E54(2)). (12)
VieB
V Serverassignmeriinary indicator zijx = { é* itk Eo’fh::i:igslfd tojed; (17)
. o 1, if gto(t) > 0, t € T N, @ilEksrE
V Energybuyingdecisionndicator =19 0 otherwise (18) No. of CPU coreN
’ ’ No. of CPU cyclav]

M. S. Munir, S. F. Abedin, N. H. Tran and C. S. Hong, "When Edge ComputiNtckéeetd A Deep Reinforcement Learning va
'@‘ KYUNGHEE  Approach,” in IEEE Internet of Things Journal, vol. 6, no. 5, ppZ¥B5@ct. 2019,doi: 10.1109/JI0T.2019.2899673. o
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A FormulateOptimization problem

Minimizing the energy consumption of the N#E@ork
dyn d :
gij’k = gzjk (Hn FH(I) + g;}c(t)

Server assignment binary indica , :
dE"L_m D20 2 2 ok (19)

¢

P_l_' vieT YieB VjeC; Ykek
Energy buying decision indicato St szjk —1 Vkek (19a) .
ieC. Coupling between
Notati Descripti ! . .
B SeT oT BSs under the microgid S ap <K Viec 108 networks and microgrid
C:; Set of active‘ multi-access edge servers un(.tler- the BS:i € B xgk - j = i ( 9 )
7 Active edge scrver'under the BS i jeC; i -
K Set of tas.ks under the BS ¢ € B with ed_gc server V.’_;r eC; kekC Energy genera‘tlon
w;(t) Multi-access edge’servers computational capacity sto buy .
Ai(t) Task arrival rate at BS ¢ € B ;;g (f) + (1 — ;r)g (f) :_:" 0, I e T (190) Observatlons
S;i(t) Average traffic size at BS i€ B tot ren non sto
e 02§70 <0 + &0 +g 00T (190
i(t) Server utilization at BS i € B T T
i[)),-(t) Latency ratio at BS ¢ € B HT() € {HF()a L HT()} vr € T (198)/_ Coup“ng between tlme
net E fficient f twork tions : i
:;C?’“ E?fé;iiefzsgntogo?%gg osgzrt?olr?sm 0 < ﬁj‘c < K;j (I), k e K:,_f (S C.i (19 horlzon and hIStO ry
Sé:i ((t% Nz;vgrk operations energy consumption a]; ;!S i;Vj EC C;
; [3 operations energy consumption at i, V7 € Cy - < T | .
pnet ((t}) Netw[c;rk operationfztatic enefgy at BS i,\vg je C; 0 - yk =T (I) ' k € K:ll ‘j € CI (lgg) Edge server
Gt CPU operations static energy ¢,Vj € C;
&d;n (1) Dynamic energy consumption for ¢, Vj € C; ;F < {05 l}‘-‘ S T (lgh) Computatlonal CapaCIty
EF(t) Stati tion for i,Vy € C; . .
S0 Toial encrgy consumption for Vi € B xjk € {0, 1} VjeCi ke K. (191)
g " (t) Microgrid renewable energy generation at time slot £
"o (1) Mi id non-renewabl tion at time slot ¢ i
o [ W el gy ption o e Maximum tolerable
gror(t) Microgrid total energy generation at time slot # del ay

cyuncuee M- S. Munir, S. F. Abedin, N. H. Tran and C. S. Hong, "When Edge ComputiNickéegts A Deep Reinforcement Learning Q'b
& Approach,” in IEEE Internet of Things Journal, vol. 6, no. 5, p 3B5@Mct. 2019,doi: 10.1109/J10T.2019.2899673. wrtieen o e
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A Communitydiscoveryproblemfor multi-accessedge serverenergy consumption

Maximizing server utilization while minimitiey
energy consumption of the Mgtwork

ax () min (> &kjary)), 23)
JjeC; kel
Z rr; = 1,Vk € K, (23a) Edge server computationgl

Length between the
interclass distance

@© .
O €C; capacit
= . , ey Computational capacity:
= Y oz <K\Vjed, (23b
S = yk-—{l’ 0< B <kilt), ke K
= Maximum tolerable dela 7710, otherwise.
2 0 < B < Kit),k €K, (23¢) )
z 0 <~k <T7ilt),k €K, (23d _ Tolerable latency
% 0 <y + 21 < 1 j G, (23e)” Predlqtable task = {(1) gtfegiss&n(r),ke K
7 assignment ’
© N Bz wilt),j+1eC, (23
g VkeKj :
o ' If any server rejected a
@ zij € 10,11,k € Ky j € G, (23g) task, then assigning it tg
yk; €10,1}, k€ K, j €Cy, (23h) other server
z1; €{0,1} ke K, j €Ci. (231)

KYUNG HEE M. S. Munir, S. F. Abedin, N. H. Tran and C. S. Hong, "When Edge Computiklickbegis A Deep Reinforcement Learning Q'.b
. “““““““““ Approach," in IEEE Internet of Things Journal, vol. 6, no. 5, pfr¥B6@ct. 2019,doi: 10.1109/J10T.2019.2899673.
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A Modelbaseddeepreinforcementearning (MDRLYor microgrid controller

Setof states S = {1,2,..., S}
Energy demand 17 Stored energy

s; € S consistwitha fourelementsuple, (€5, €™, €< €*)
_ Renewable generatiov|1 Nonrenewable generation
Setof actions 4 = {1,2,..., 4}
L 1 ~0
a, € A consistwitha two elementsuple, (? :CtT)

Store or fulfill

Buy nosrenewable

For parameters). a stochastic policyry with a state transition probabilitys (s

St:at)

Distribution of state transition probability for a observaorn (s;, ar, s¢) O = {1,2,...,0}, where 0, € O

L Py(o;) = Py(s1) [ 17 Polarls)Po(sylay, i)
Maximizationof the expectedeward

. o~ | )
Forpolicy ﬂ‘ﬁ(ﬂt‘fﬂt) VT (s;) —\m}x E01~P9(0;)|:Z OEIR;H(S:,ar)IS;] (24) Discounfiactor o = (0,1)
State \’/alue\ISunction =0

M. S. Munir, S. F. Abedin, N. H. Tran and C. S. Hong, "When Edge ComputiNtckéeetd A Deep Reinforcement Learning va
“{’8 7 KYUNGHEE  Approach," in IEEE Internet of Things Journal, vol. 6, no. 5, ppr¥B5@ct. 2019,doi: 10.1109/J10T.2019.2899673. o
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A Modelbaseddeepreinforcementearning (MDRLYor microgrid controller.

Foroptimalpolicy 75 (a¢|st) , \%’4‘(5{) = max E[R(s,, a) + Y aPy(selsr. anV™ (sy)
a; e
State Value Function 5¢ €S t

o0
I
max E 5 'Ry (s:,ap)|s:,a
ac A [ i+ t f t t

I=0

] Discounfactor « = (0,1)

State-actionvaluefunction g s, q,) = E,, [Zq"m,,;(s,, ar)|se. a,]. (28)
=0

Stateactionvaluefunction28) isredefinedby: 0™ (s;, a;) = R(s;, a,)+ZaP9(sf|sf, a)V™ (sy). (29)
| —

Reflects othe dynamics of Markovian

Losdgunctiorfor backpropagatiormethodupdatesof deep Q-networkgDQNSs)

1 1
L@y =min — Y ~[0™ (s, a0) — 50,7 (30)
o O] oy 2 4 T

OQ'EO OIFEO

Current observatiovii Next observation

M. S. Munir, S. F. Abedin, N. H. Tran and C. S. Hong, "When Edge ComputiNtckéeetd A Deep Reinforcement Learning @
"f.f’s 7 KYUNGHEE  Approach," in IEEE Internet of Things Journal, vol. 6, no. 5, ppr¥B5@ct. 2019,doi: 10.1109/J10T.2019.2899673. o
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A Modelbaseddeepreinforcementearning (MDRL)or microgrid controller

Optimal Policy ] ] Training
» Policy Execution R(s;, a;) R(st, a;) R(s:, ar)

™o’ (als.) | max } Er, (R(si. ap)). (31)
[max IE(Z R(s, a,)) }J "oteT //

Objective function , R
Policy Learning Model Update Q™ (s, a;) Q™ (s, @) '_'lQ’rB(st, a;)| | max IE(Z R(s;a,))

R(sp ap) Em’ (st ar) 1

Tg(ay|S;) mo(aylsy) my(ayls,)

Input Observation
Rewards - Updated Model

Fig 2 MDRL backpropagation

5p = < glF1 gren clion psto o,

Fig 1: Proposed modélased DRL
/ Expectation of current action

E(R(ss, ar)/ 1)

Probability P(a,) for action ay : P(a) = — (32)
E;‘=1 E(R(s;, ar)/ )
where R(s;, a;) 1s the reward for an action a, and a temper-
Expectatlon Of Current actlon for a” neurons ature parameter is I". If the value of ' — oo, then P(CII) 18

almost the same. Thus, a lower value of I" provides the high-
est expected reward, where the action probability P(a;) tends
to 1.

M. S. Munir, S. F. Abedin, N. H. Tran and C. S. Hong, "When Edge Computiktickbeeid A Deep Reinforcement Learning Approach," in IEEE Q'b
KYUNG HEE Internet of Things Journal, vol. 6, no. 5, pp. 78604, Oct. 2019,doi: 10.1109/J10T.2019.2899673. -
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A Deepreinforcementearning (DRL)architecturedesign

A fully connectedidden neural networks of

V TheReLUWctivationfunctior f(a;) = Ilgt}{(a;, 0). (33) the DQNSs fotwo actions local,orbuying)

et

V Sigmoidactivationfunctiorfor outputlayer. g(a;) = 1

(34)

V We apply adaptive momenestimatiorstochastigradientdescenbptimizerfor approximations

e —19‘0"“—{—1—19‘ VY L(t 35) «——] ) :
+1 = VI ( DVEL®) (33) | Estimatinghe first andsecond momentsf

vy = D) + (1 — 02) (VL)) (36)* the gradient andalso computesndividual
adaptive learning rates

where ) and 1}, are the decay rates.

V Biascorrectiorfunction$or thefirstand secondnomentare,

Weight updates with corrected bias is defined dy

G = ot (37) eV

1— (1?1);+1 Aw; = —r (39)
U a8 Vv e

L= @2 Weightupdates Wi+1 = wr + Awy. (40)

M. S. Munir, S. F. Abedin, N. H. Tran and C. S. Hong, "When Edge Computiktickbeeid A Deep Reinforcement Learning Approach," in IEEE @
@ KYUNG HEE Internet of Things Journal, vol. 6, no. 5, pp. 78604, Oct. 2019,doi: 10.1109/J10T.2019.2899673. ;
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A Data-driven energysupply plan procedure

Energy demand Stored energy
- v
Minimum Energy Consumption £, for BSi € B Latency requiremert (Efem3 E?Eﬂ“, t:;wn} Gfto)
Input Tasks Data -~ Renewable—T Nonrenewable
Microgrid Controller Energy Supply Plan for BSs
: : . : D =<BvVie— VieBinVteT
Computational requiremeft ,
p ; Input Energy
reprocessing Generation Data
. ] D' = D, —min(D,) eren |enon  sto
Community discovery ‘'~ max(D,) - min(D,) U R
d
DBSCAN and Control flow vieB |e" G CEEEln [EeEes
. — =
algorithms at each BSto s E:wm'E:;M'IE?MJ e '
' using MDRL to control
calculate energy demand Server Aerammart iodell energy supply
rver Ighime elling
for the network = altonomously
distributedly Q" (s, ay) :
Server Load Balancing Supply Plan Store or fulfill
0=tz |1 wme A (GLG)
Energy Consumption @
forvj € €, < Buy nofrenewable
— Energy demand of BIS
KYUNG HEE M. S. Munir, S. F. Abedin, N. H. Tran and C. S. Hong, "When Edge Computihtickbegid A Deep Reinforcement Learning Approach," in IEEE NE%G

Internet of Things Journal, vol. 6, no. 5, pp. 78804, Oct. 2019,doi: 10.1109/JI10T.2019.2899673. INTELLIGEN. CE LAB
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A ProposedAlgorithms:

Algorithm 1 Energy-Efficient Tasks Assignment for BS i € B - -
Based on DBSCAN Algorithm 2 Microgrid Energy Supply Plan Based on MDRL

g’ft"; l'n_D;EI_ !{g "5’,3"‘}‘% €k,teT Is: Constraints: (23a), (23b), (23¢), (23f), (23g) Input: f]b“:”a““_“ St = (e, i””* €. ')
v S b 19: if (Yo X < K. Vj € C;) then Output: Observation output o, = (s, ar, s¢)
Initialization: Y 20: xj=1,C eC Initialization: Base policy g (s;, a;)
1: for Vk € K., i € B do 21: else if (0 < yj; + 27 < 1) then 1: for Vi € T do
2 i {é is _“S“e")kth“-’]‘ x: 2: e =1.Gie G . 2. Constraints: (19¢), (19d),(19e), & (19h)
i elseontlnue tok+ 1€ ii ¢ :kﬁ_l_{nzz\fkf?f}kl —E E(n) en 3 for Untl: T[:]ln IT!}T ED;ES' %IIQIE{SD;'I ﬂn,} - SI‘-‘-",.-’ “2 do
5 for Vj € C;,i € C do 25: else 4 Learn Il:lﬂdﬁll Q™ (s, a;)
6: Constraints: (23c), (23h) ;: eufﬁfz 0.CieCi 3 for Until: max R(s;, a;) do
7 if (0<pBr <ki(t), ke K && T < fi;) then . end for 6: Choose model: O (s, ay)
8: vig=LlLkek,jeC( 0. end if T: Using: Equations (32), (33), (34), and (40)
9: else 30:  Calculate: &;. Yk € K, Vj € C;, &; using eq. (16) 8 Execute : Actiona, € Aatre T
10: vij =0.ke K,je(; 31: end for 9: Observe : State s = (edem, elen ehon gsio)
11: end if 32: Update the clustering model using & 10: Update : State Action (s;,a,,s5:) at t € T
12: Constraints: (23d), (231) 33: retu ff'l 11: Append : Observation output o; at t € 7
13: if (0<y<71).kek && Y < y;) then 12: end for
14: w=LlLkek je( 13:  end for
15: else 14: end for
16: aj=0,kek,jel 15: return o, € O, Vre T
17: end if

_ o _ Energy supply plan for multiple MECs
Local Energy consumption estimation and task assignment for each MEC i 5 |ocal network

M. S. Munir, S. F. Abedin, N. H. Tran and C. S. Hong, "When Edge ComputiNtckéeetd A Deep Reinforcement Learning @
KYUNGHEE  Approach,” in IEEE Internet of Things Journal, vol. 6, no. 5, pp¥B5@ct. 2019,doi: 10.1109/J10T.2019.2899673. o
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A Our Evaluation

MDRL PARAMETERS

Descrivti Datasets:
escription Value
Maximum number of episodes 1000 .
Learning rate, 7 102 [1] F. Fund et al.. (May 2014). CRAWDAD DatasatpolyVideo
Discount factor, 0.99 (V. 201405-09). Accessed: Jul. 3, 2018.
Bias for first moment, 11 0.90 i ) )
Bias for second moment, U 0.99 Available: httpg/crawdad.org/nyupoly/video/20140509
Constant value, £ 10-° [2] S. Fu and Y. Zhang. (Apr. 2015). CRAWDAD DatasefBcie¢tDeliveryV.
Model networks layer size 256 2015-04-01). Accessed: Jul. 3, 2018.
Number of hidden layer neurons 8 _ _
Input dimension 4 Available: httpg/crawdad.org/due/packet-delivery/20150401
Batch size from model 3 . .
Batch size Trom real observafion 3 [3] Solar Panel DatasetiMassTraceRepositoAccessed: Jul. 3, 2018.
Model learning number of episodes | first 100 Available http://traces.cs.umass.edu/index.php/Smart/Smart

'@ KYUNG HEE M. S. Munir, S. F. Abedin, N. H. Tran and C. S. Hong, "When Edge Computihtickbegid A Deep Reinforcement Learning Approach," in IEEE P
Internet of Things Journal, vol. 6, no. 5, pp. 78804, Oct. 2019,doi: 10.1109/JI10T.2019.2899673. NTELLIGEN CE LAS
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AArtificial Intelligence for Energy Management

V Al techniques in distributed smart grids

A IntelligenDistributed Energy Resourbanagement
A Albased Energy Management for Edgemputing
A SeltPowered Wireleslletwork

A NarrowAlbased Home Energy Management
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Al for Energy Management: S@bwered Wireless Network

AAI techniquesin distributedsmartgrids: SeltPoweredWirelessNetwork

Motivation:

( C Energydispatchplaysan importantrole to ensuresustainabledge computing
V Savingenergyconsumptiocost

V Enablingenewableenergyconsumptioasa primary energysource

C Animportantrequiremenof the nextgenerationof wirelessietworks

V Selfpowered
AProducingenewableenergy,consumend store
ACapableof sharingwith otherbasestation{BSs)

C Providingsustainabledge computindor the nextgenerationwirelessystem:

V)

V A bi-directionalflowsof energyand data isrequired

J

ResearchQuestion

C Why do we needto focusonthe noni.i.d. behaviorof demandand generatior?

V Ensuringnergysustainabledge computing
A Copingwithdiverge behaviorof the nextgenerationwirelessystem

Fig.1: System model for a sghowered
wireless netwonkith MEC capabilities

- M. S. Munir, N. H. Tran, 8Aad and C. S. Hong, "Mukigent MetaReinforcement Learning for Sletiwered and Sustainable Edgef)\/
KIUNRHFE Computing Systems," https://arxiv.org/abs/2002.08567v2 (Under review: IEEE Transactions on Network and Service Management)



