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ÅThe Paris Agreement sets out a global framework to avoid 
dangerous climate change by limiting global warming to well 
below 2ÀC and pursuing efforts to limit it to 1.5ÀC. It also aims to 
strengthen countriesõ ability to deal with the impacts of climate 
change and support them in their efforts.

ÅTheParis Agreementis the first-ever universal, legally binding global 
climate change agreement, adopted at theParisclimate conference 
(COP21) in December 2015.

Å2015 was a historic year in which 196 Parties came together under the 
Paris Agreement.

UN Paris Agreement on Climate Change
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ÅThe energy transition requires fundamental shifts in
policies,investments,planning processes, attitudesand
behavior

ÅMove into the strong synergies between energy
efficiencyand renewableenergy

ÅPlan a power sector for whichrenewablesprovide a
highshareof theenergy

ÅIncrease use of renewable electricity in transport,
buildingsand industry

ÅFostersystem-wide innovationfor energytransition

ÅAlign socio-economicstructuresand investmentwith the
transition

ÅEnsurethat transition costs and benefits are fairly
balanced

ÅBe aware of climate change as the key factor of
mankindfuture

Introduction: Global Energy Transformation

Fig 1: Key focus area for the global energy transformation  

Global energytransformationand climatechange

ώмϐ Dƭƻōŀƭ ŜƴŜǊƎȅ ǘǊŀƴǎŦƻǊƳŀǘƛƻƴΣ ά! ǊƻŀŘƳŀǇ ǘƻ нлрлέΣ international renewable energy agency,  2019 edition. 
[2] https://innovationatwork.ieee.org/the-smart-grid-could-hold-the-keys-to-electric-vehicles/
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ÅWhy do we needglobal energytransformation?

VKeepingtheglobal temperaturerisebelow2 degreesCelsius(°C) is technicallyfeasible

V It wouldalsobe moreeconomically,sociallyand environmentallybeneficial

VCurrently,emissiontrendsare notontrackto meetthat goal

ÅHowtheglobal energytransformationcanbe possible?

VEnergyefficiencyand renewableenergyare themainpillarsof theenergytransition

VRenewableenergyand energyefficiencyneedto expandin all sectors

VBy2050, all countriescansubstantiallyincreasetheproportionof renewableenergyin their total energyuse

VA decarbonisedpowersector,dominatedby renewablesources,isat thecoreof thetransitionto a sustainableenergyfuture

Introduction: Global Energy Transformation

Fig 1:  Relationship between energy transition roadmap and socio-economic system structure
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Fig 1: Cumulative energy-related CO2 emissions and emissions gap

Fig 3: CO2 emissions reduction using renewable energy

ÅBasedon currentpolicies(setout in the ReferenceCase),in under

20 years, cumulativeenergy-related emissionswill exceed the

carbonbudgetrequiredto holdtemperatureincreasesbelow2°C

ÅEmissionreductionsof 470 Gt will be neededby 2050 to reduce

warmingto 2°C

ÅRenewable energy and energy efficiency can provide over 90% 

of the reduction in energy-related CO2 emissions

Fig 2:  Renewable energy share in TFEC (%)

Gt: gigaton

TFEC: total final energy consumption

REmap: renewable energy roadmap
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Fig 1: TPES and the share of renewable and non-renewable energy 

under the Reference and REmapcases
Fig 2:  The rising importance of electricity derived from renewable 

energy

EJ: exajoule

PJ: petajoule

GW: gigawatt

Twh: terawatt-hour

REmap: renewable energy roadmap

TPES: Total ProduciableEnergy Supply

ÅUndercurrentand plannedpolicies(theReferenceCase)TPESisexpectedto increasealmost40% by 2050

Å To achievea pathway to energy transition(the REmapCase),energy efficiencywould need to reduceTPESslightly below 2015 levels, and
renewableenergywouldneedto providetwo-thirdsof theenergysupply

Å Theshareof electricityin total final energyconsumptionneedsto doublebetween 2015 and 2050
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While the smart grid is not a new concept, new technologies are transforming the grid edge 

and creating a platform for transformation of the traditional electricity grid functions

SmartGrid for Global EnergyTransformation
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ÅSocio-EconomicBenefit

VEnvironmentalwelfare

Á Reducingmaterialconsumption

Á Reducinggreenhousegasemissions

VSocialwelfare

ÁSpendingoneducation

ÁHealthimpactsfromlocalair pollution

VEconomicwelfare

ÁConsumptionand investment

ÁEmployment

Fig 1:  Components of the welfare indicator used in this analysis

ώмϐ Dƭƻōŀƭ ŜƴŜǊƎȅ ǘǊŀƴǎŦƻǊƳŀǘƛƻƴΣ ά! ǊƻŀŘƳŀǇ ǘƻ нлрлέΣ international renewable energy agency,  2019 edition. 
[2] https://innovationatwork.ieee.org/the-smart-grid-could-hold-the-keys-to-electric-vehicles/
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ÅSocio-EconomicBenefit: Investmentand Welfare

VInvestmentare shiftingto renewableenergyand energyefficiency

VA significantincreaseof socialwelfare includingenvironment,health,and employment

Fig 2:  The energy transition generates significant increases 

in global welfare

Fig 1:  Investment will shift to renewable energy and 

energy efficiency

% change compared to the Reference Case

GHG : greenhouse gas
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ÅSocio-EconomicBenefit: New Jobs

VTheenergytransitionwouldgenerateover11 millionadditionalenergysectorjobsby 2050

VTheenergytransitionwouldgenerate14 millionadditionaljobsin renewableenergyby 2050

Fig 2:  The energy transition is generating new jobs in 

energy sector

Fig 1:  The energy transition is generating new jobs in 

renewable energy sector
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ÅScopeof AI in EnergyManagement

AI techniques in distributed smart grid:
AI for Energy management system in the smart grid:

AI-based solution

AI-based solution

[1] S. S. Ali, and B. J. Choi, òState-of-the-Art Artificial Intelligence Techniques for Distributed Smart Grids: A Reviewó, vol. 9, no. 6, Electronics, June 2020

RES : Renewable Energy Source
RTO/ISO : regional transmission organization/independent system operator
DER : Distributed Energy Resource
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IEC: International ElectrotechnicalCommission

NIST: National Institute of Standards and Technology

DER: Distributed Energy Resource

ÅSmartGrid ConceptualModel

Fig 1:   Smart Grid Conceptual Model 1.0 (2009) Fig 2:   Smart Grid Conceptual Model 4.0 (2018) [1]

[1] https://www.nist.gov/el/smart-grid/smart-grid-framework
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ÅSmartGrid ConceptualModel: Generationand TransmissionDomains

Fig 1: Energy Generation Domain [1] Fig 2: Energy Transmission Domain [1]

The difference in level between points of supports and 

the lowest point on the conductor is called sag

[1] https://www.nist.gov/el/smart-grid/smart-grid-framework
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ÅSmartGrid ConceptualModel: Distributionand MarketsDomains

Fig 1: Energy Distribution Domain [1] Fig 2: Energy Market Domain [1]

[1] https://www.nist.gov/el/smart-grid/smart-grid-framework
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ÅSmartGrid ConceptualModel: CustomerDomain

Fig 1: Energy Customer Domain [1]

[1] https://www.nist.gov/el/smart-grid/smart-grid-framework
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ÅSmartGrid ConceptualModel: OperationsDomain

Fig 1: Energy Operation Domain [1]

[1] https://www.nist.gov/el/smart-grid/smart-grid-framework
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ÅSmartGrid ConceptualModel: ServiceProviderDomain

Fig 1: Energy Service Provider Domain
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ÅSmartGrid ConceptualModel: CommunicationPathScenario

Fig 1: Smart Grid Communication Path
IEC : International ElectrotechnicalCommission
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ÅTransmissionSystemOperator(TSO)and DistributionSystemOperator(DSO)

VTSOisusedto refer to any kindof entitythat isresponsiblefor operatingtheelectricitytransmissionnetwork

ÁElectricitytransmissionsystemoperators(TSOs)are responsiblefor thereliable transmissionof power from generationplantsto

regionalor localelectricitydistributionsystemoperators(DSOs)by way of a highvoltageelectricalgrid

VDSOisusedto refer to any kindof entitythat isresponsiblefor operatingtheelectricitydistributionnetwork

Fig 1:  AC electricity grid from generation stations to consumers [1]

[1] https://en.wikipedia.org/wiki/Transmission_system_operator

Transmission and distributional electricity voltage varies 
among the countries based on their policy
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ÅConventionalversusemergingpower systemof distributedenergyresources

Fig 1:  Emergence of distributed energy resources[1]

[1] System operation, òFuture role of distribution system operatorsó, international renewable energy agency,  2019, ISBN 978-92-9260-115-7. 
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ÅEnhancedRoleof DistributionSystemOperator(DSO)

Fig 1:  Enhanced role of  the DSO [1]

[1] System operation, òFuture role of distribution system operatorsó, international renewable energy agency,  2019, ISBN 978-92-9260-115-7. 

AI-based 
solution
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ÅCo-operationbetweentransmissionand distributedsystemoperator

VIncreasedsystemflexibility dueto DREparticipation

VDefinitionof data thatneedto be exchanged:

ÁNetworkdevelopment

ÁDemandand generationforecast

ÁAncillaryservices

ÁEnergymarkets

ÁLoadsheddingand capacitymarkets

ÅChallenges

VDistributiongrid constraintsare notalwaysrespected

VCentralizedand localmarketclearedsequentially

VSchedulingmethodologyagreed by bothTSOand DSOmightbe challenging

VAllocationof costsbetweenTSOand DSOmightbe challenging

VHighcomputationalcomplexitysinceconstraintsonbothtransmissionand distributiongridsare resolvedin a singlemechanism

DRE : Demand and Response Entity
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[1] https://en.wikipedia.org/wiki/Microgrid

[2] https://microgridnews.com/ieee-proceedings-zooms-smart-building-microgrid-integration/

[3] M. Stadlerand A. Naslé, ôôPlanning and implementation of bankable microgrids,õõ Electr. J., vol. 32, 

no. 5, pp. 24ð29, Jun. 2019.

VA microgridisa decentralizedgroupof electricitysourcesand loads[1]

VA microgridcaneffectivelyintegratevarioussourcesof distributedgeneration(DG),especiallyRenewableEnergySources(RES)- renewable

electricity,and cansupplyemergencypower,changingbetweenislandand connectedmodes

Fig 2:  Grid-connected typical microgrid[3]Fig 1:  Microgrid[2]

PV: Photovoltaic
WT: Wind Turbine
IBS: Intelligent Bypass Switch
PCC : Point of Common Coupling 

https://en.wikipedia.org/wiki/Microgrid
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[1] https://theclimatecenter.org/opinion-microgrids-could-prevent-need-for-planned-power-outages

[2] https://events.solar/midwest/smart-energy-microgrid-marketplace/microgrid-graphic/

ÇThereare severalway to designa microgrid

V Communitymicrogrid

V Buildingmicrogrid

V Islandmicrogrid

V Criticalinfrastructuremicrogrid

V Campusmicrogrid

V Military microgridand soon

Fig 4: Several Microgridin operation [2]Fig 4: Smart city Microgrid[1]
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ÅSmartGrid ConceptualModel: CommunicationPathScenariofor Microgrid

Fig 1: MicrogridCommunication Path [1]
[1] https://www.nist.gov/el/smart-grid/smart-grid-framework
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ÅAI techniquesin distributedsmartgrids: IntelligentDistributedEnergyResourcesManagement

VResilientenergymanagement

ÁDistributedenergyresourcemanagement

ÁEnergyload management

ÁPowerflow optimization

ÁGenerationpredictionand forecasting

VSmartprosumersmanagement

ÁHomeenergymanagement

Á Intelligentenergysharing

ÁAutonomoussecuritymonitoring

o Informationsecurity

o PhysicalSafety

VDistributedgrid intelligence

ÁDemandsupplyforecastingand energyload balancing

ÁGrid healthmonitoring,analysis,and autonomousdecisionmaking

ÁDistributedenergyresourceintegrationand allocation

ÁFaultdetectionand correction

The AI algorithms can be applied based on the 

individual problem and requirements. Which are 

not only limited to neural networks, but they also 

can be any kind of shallow, deep, supervised, or 

unsupervised learning algorithm.
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ÅAI techniquesin distributedsmartgrids: IntelligentDistributedEnergyResourcesManagement

VCommercialand IndustrialEnergyManagement

ÁRetailenergymanagement

ÁFactoryenergymanagement

ÁLocalgrid coordination

V Domesticenergymanagement

ÁHomeenergymanagement

o Appliancescheduling

o Energyand pricingforecasting

o Localenergyresourceintegration

ÁCommunityenergymanagement

o Autonomouscoordinatedoperationwithlarge system

o Energysharing

o Demandsidemanagement

AI-based controlling
V Reinforcement learning

V Multi-agent reinforcement learning

V Boltzmann Machines

V Federated learning

V Bayesian network and so on

Classification 
V Convolutional neural network

V Capsule network

V Support Vector Machine

V Linear and non-linear curve fitting 

V Decision trees and so on

Regression and classification
V Long Short-Term Memory

V Gated Recurrent Unit

V Linear regression and so on

Clustering
V K-means

V DBSCAN (Density-based)

V Gaussian mixture model and so on
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ÅArtificial Intelligence for Energy Management

VAI techniques in distributed smart grids 

ÁIntelligent Distributed Energy Resources Management

ÁAI-based Energy Management for Edge Computing

ÁSelf-Powered Wireless Network

ÁNarrow AI-based Home Energy Management
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ÅAI techniquesin distributedsmartgrids: AI-basedEnergyManagementfor EdgeComputing

M. S. Munir, S. F. Abedin, N. H. Tran and C. S. Hong, "When Edge Computing Meets Microgrid: A Deep Reinforcement Learning 

Approach," in IEEE Internet of Things Journal, vol. 6, no. 5, pp. 7360-7374, Oct. 2019, doi: 10.1109/JIOT.2019.2899673.

VThe energy consumptionof the multi-accessedge computing
(MEC)networkdependsontheamountof taskloads

VTheMECsare already includedin thesmartinfrastructures,

ÅSuchas,smartcity,smartfactory,smartmedicalservicesetc

VOn the other hand, microgrid also showsthe potentiality to
provideenergysupportto thesesmartinfrastructures

ÅMicrogridcanbe an usefulenergysupplementto MEC

Goal:

VTo provide the energy supply plan for microgrid-enabled
MECnetworksõ

ÅThatensuresthesustainableenergysupply

Fig 1: System model of microgrid-enabled MEC 

network
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ÅAI techniquesin distributedsmartgrids: AI-basedEnergyManagementfor EdgeComputing

M. S. Munir, S. F. Abedin, N. H. Tran and C. S. Hong, "When Edge Computing Meets Microgrid: A Deep Reinforcement Learning 

Approach," in IEEE Internet of Things Journal, vol. 6, no. 5, pp. 7360-7374, Oct. 2019, doi: 10.1109/JIOT.2019.2899673.

ÅChallenges:

VEnergyconsumptionof the MECnetworksdiffers on the nondeterministicflow of computationaltask
requests

VComputationalcapacity of the MEC server and tolerable delay for the tasks are needed to be
considered

VMicrogridenergygenerationisalsorandomovertime

VCoordinationbetweenMECenergyconsumptionand microgridenergygeneration.

VA centralizedsolutionfaces the massiveoverheadin termsof required computationand signalingfor
denseMECnetworks
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ÅAI techniquesin distributedsmartgrids: AI-basedEnergyManagementfor EdgeComputing

M. S. Munir, S. F. Abedin, N. H. Tran and C. S. Hong, "When Edge Computing Meets Microgrid: A Deep Reinforcement Learning 

Approach," in IEEE Internet of Things Journal, vol. 6, no. 5, pp. 7360-7374, Oct. 2019, doi: 10.1109/JIOT.2019.2899673.

Our Proposal:

VWe formulatea multi-accessedge serverenergysupplyplan problem

ÁObjectiveisto minimizetheenergyconsumptionof theMECnetworks

ÁFulfillsthecomputationaland latencyrequirements

ÁEstablishesa strongcoordinationbetweentheMECnetworksenergyconsumptionand themicrogridenergygeneration

VWe decomposetheformulatedproblemintotwo sub-problemsto solvewithdata-drivenand distributedapproaches

ÁEnergy-efficienttasksassignmentproblemfor MECintocommunitydiscoveryproblem

ÁEnergysupplyplan problemintoMarkovDecisionProcess(MDP)

V Toderivethesolutionof thosesub-problems,

ÁWe apply a low complexitydensity-basedspatialclusteringof applicationswithnoise(DBSCAN)to solvethefirst

sub-problemfor eachBSdistributedly

ÁSequentially,we employa model-baseddeep reinforcementlearning(MDRL)
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ÅSystemModel:

M. S. Munir, S. F. Abedin, N. H. Tran and C. S. Hong, "When Edge Computing Meets Microgrid: A Deep Reinforcement Learning 

Approach," in IEEE Internet of Things Journal, vol. 6, no. 5, pp. 7360-7374, Oct. 2019, doi: 10.1109/JIOT.2019.2899673.

Fig. 1: System model of microgrid-enabled 

MEC network

Set of BSs:

Set of servers at BS i:

Set of user tasks associated with BS i:

We consider a microgrid-enabled MEC network

We assume user association is already made 

with the BS i,

ÅCommunication:

Data rate for BS i:

Channel bandwidth

Transmission power

Channel gain

Channel noise Interference
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ÅComputationModel:

M. S. Munir, S. F. Abedin, N. H. Tran and C. S. Hong, "When Edge Computing Meets Microgrid: A Deep Reinforcement Learning 

Approach," in IEEE Internet of Things Journal, vol. 6, no. 5, pp. 7360-7374, Oct. 2019, doi: 10.1109/JIOT.2019.2899673.

V Expectation of service time (waiting + service):

V Latency ratio:

V Service rate: 

V Overall Utilization:

M/M/1 queuing model

V CPU resources utilization for a 

single task at BS i:

Data rate

Arrival rate Average traffic size

Service rateUser association

No. of CPU core: N

No. of CPU cycle: M

CPU active ratio weight for a single core
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ÅEnergyConsumptionModel:

M. S. Munir, S. F. Abedin, N. H. Tran and C. S. Hong, "When Edge Computing Meets Microgrid: A Deep Reinforcement Learning 

Approach," in IEEE Internet of Things Journal, vol. 6, no. 5, pp. 7360-7374, Oct. 2019, doi: 10.1109/JIOT.2019.2899673.

VBaseStationOperationEnergyConsumption:

VMECserver(CPU)EnergyConsumption:

VTotalEnergyConsumption:

VServerassignmentbinary indicator:

VEnergybuyingdecisionindicator:

Data rate

Transmission power Average traffic size

Network devices energy coefficient
Static energy consumption of BS 

operation

CPU active ratio

weight for a single coreEnergy coefficient for CPU usage

No. of BS: B

No. of CPU core: N

No. of CPU cycle: M

Static energy consumption
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ÅFormulateOptimization problem:

M. S. Munir, S. F. Abedin, N. H. Tran and C. S. Hong, "When Edge Computing Meets Microgrid: A Deep Reinforcement Learning 

Approach," in IEEE Internet of Things Journal, vol. 6, no. 5, pp. 7360-7374, Oct. 2019, doi: 10.1109/JIOT.2019.2899673.

Coupling between 

networks and microgrid

Energy generation 

observations

Coupling between time 

horizon and history 

Edge server 

computational capacity 

Maximum tolerable 

delay 

Server assignment binary indicator

Energy buying decision indicator

Minimizing the energy consumption of the MEC network
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ÅCommunitydiscoveryproblemfor multi-accessedgeserverenergyconsumption

M. S. Munir, S. F. Abedin, N. H. Tran and C. S. Hong, "When Edge Computing Meets Microgrid: A Deep Reinforcement Learning 

Approach," in IEEE Internet of Things Journal, vol. 6, no. 5, pp. 7360-7374, Oct. 2019, doi: 10.1109/JIOT.2019.2899673.

Predictable task 

assignment

If any server rejected a 

task, then assigning it to 

other server

Edge server computational 

capacity 

Maximum tolerable delay 

Computational capacity:

Tolerable latency:
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Maximizing server utilization while minimizing the 

energy consumption of the MEC network
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ÅModel-baseddeepreinforcementlearning (MDRL)for microgridcontroller:

M. S. Munir, S. F. Abedin, N. H. Tran and C. S. Hong, "When Edge Computing Meets Microgrid: A Deep Reinforcement Learning 

Approach," in IEEE Internet of Things Journal, vol. 6, no. 5, pp. 7360-7374, Oct. 2019, doi: 10.1109/JIOT.2019.2899673.

Setof states:

Setof actions:

consistswitha four elementstuple,

consistswitha two elementstuple,

Forpolicy
,

Energy demand

Non-renewable generationRenewable generation 

Stored energy

Store or fulfill Buy non-renewable

For parameters a stochastic policy with a state transition probability 

Distribution  of state transition probability for a observation ,

Discountfactor = (0,1)

State Value Function

Maximization of the expected reward
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ÅModel-baseddeepreinforcementlearning (MDRL)for microgridcontroller:

M. S. Munir, S. F. Abedin, N. H. Tran and C. S. Hong, "When Edge Computing Meets Microgrid: A Deep Reinforcement Learning 

Approach," in IEEE Internet of Things Journal, vol. 6, no. 5, pp. 7360-7374, Oct. 2019, doi: 10.1109/JIOT.2019.2899673.

Foroptimalpolicy ,
Discountfactor = (0,1)

State-actionvaluefunction:

State-actionvaluefunction(28) isredefinedby:

Reflects on the dynamics of Markovian

Lossfunctionfor backpropagationmethodupdatesof deep Q-networks(DQNs):

Current observation Next observation

State Value Function
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ÅModel-baseddeepreinforcementlearning (MDRL)for microgridcontroller

M. S. Munir, S. F. Abedin, N. H. Tran and C. S. Hong, "When Edge Computing Meets Microgrid: A Deep Reinforcement Learning Approach," in IEEE 

Internet of Things Journal, vol. 6, no. 5, pp. 7360-7374, Oct. 2019, doi: 10.1109/JIOT.2019.2899673.

Objective function

Probability for action :

Fig 1: Proposed model-based DRL

Fig 2: MDRL backpropagation

Expectation of current action

Expectation of current action for all neurons
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ÅDeepreinforcementlearning (DRL)architecturedesign:

M. S. Munir, S. F. Abedin, N. H. Tran and C. S. Hong, "When Edge Computing Meets Microgrid: A Deep Reinforcement Learning Approach," in IEEE 

Internet of Things Journal, vol. 6, no. 5, pp. 7360-7374, Oct. 2019, doi: 10.1109/JIOT.2019.2899673.

VSigmoidactivationfunctionfor outputlayer:

VTheReLUactivationfunction:

VWe apply adaptivemomentestimationstochasticgradientdescentoptimizerfor approximations:

VBiascorrectionfunctionsfor thefirst and secondmomentsare,

A fully connected hidden neural networks of 
the DQNs for two actions (local,orbuying)

Estimating the first and second moments of 
the gradient and also computes individual 

adaptive learning rates

Weight updates with corrected bias is defined by,

Weight updates:



NETWORKING 

INTELLIGEN CE LAB

45/78AI for Energy Management: AI-based Energy Management for Edge Computing

ÅData-driven energysupply plan procedure

M. S. Munir, S. F. Abedin, N. H. Tran and C. S. Hong, "When Edge Computing Meets Microgrid: A Deep Reinforcement Learning Approach," in IEEE 

Internet of Things Journal, vol. 6, no. 5, pp. 7360-7374, Oct. 2019, doi: 10.1109/JIOT.2019.2899673.

Energy demand of BS i

Community discovery 

problem is solved by 

DBSCAN and Control flow 

algorithms at each BS  i to 

calculate energy demand 

for the network 

distributedly.

Microgridcontroller solves 

Markov decision process 

using MDRL to control 

energy supply 

autonomously.

Computational requirement

Latency requirement

Energy demand

Non-renewableRenewable

Stored energy

Store or fulfill 

Buy non-renewable
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ÅProposedAlgorithms:

M. S. Munir, S. F. Abedin, N. H. Tran and C. S. Hong, "When Edge Computing Meets Microgrid: A Deep Reinforcement Learning 

Approach," in IEEE Internet of Things Journal, vol. 6, no. 5, pp. 7360-7374, Oct. 2019, doi: 10.1109/JIOT.2019.2899673.

Local Energy consumption estimation and task assignment for each MEC
Energy supply plan for multiple MECs 
in a local network
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ÅOur Evaluation:

M. S. Munir, S. F. Abedin, N. H. Tran and C. S. Hong, "When Edge Computing Meets Microgrid: A Deep Reinforcement Learning Approach," in IEEE 

Internet of Things Journal, vol. 6, no. 5, pp. 7360-7374, Oct. 2019, doi: 10.1109/JIOT.2019.2899673.
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ÅOur Evaluation:

M. S. Munir, S. F. Abedin, N. H. Tran and C. S. Hong, "When Edge Computing Meets Microgrid: A Deep Reinforcement Learning Approach," in IEEE 

Internet of Things Journal, vol. 6, no. 5, pp. 7360-7374, Oct. 2019, doi: 10.1109/JIOT.2019.2899673.

Fig 1:  Average multi-access server utilization 

for task fulfillment in a BS

Fig 2: Silhouette scores for the task cluster 

performance analysis (96 time slots/a day)

Fig 3: CalinskiðHarabazscore for task cluster 

performance analysis (96 time slots)

Fig 4:  Computational task execution energy 

consumption after 24 h (15 min time slots)

Fig 5:  Energy consumption ECDF for computational 

task execution

Fig 6:  ECDF for unassigned computational task
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ÅOur Evaluation:

M. S. Munir, S. F. Abedin, N. H. Tran and C. S. Hong, "When Edge Computing Meets Microgrid: A Deep Reinforcement Learning 

Approach," in IEEE Internet of Things Journal, vol. 6, no. 5, pp. 7360-7374, Oct. 2019, doi: 10.1109/JIOT.2019.2899673.

Fig 1:  MDRL convergence and reward value
Fig 2:  Training and testing MSE, RMSE, MAE, 

and RMAE for the MDRL learning model

Fig 3:  Energy supply plan for 24 h using test set 

(January 11, 2015)
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ÅArtificial Intelligence for Energy Management

VAI techniques in distributed smart grids 

ÁIntelligent Distributed Energy Resources Management

ÁAI-based Energy Management for Edge Computing

ÁSelf-Powered Wireless Network

ÁNarrow AI-based Home Energy Management
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ÅAI techniquesin distributedsmartgrids: Self-PoweredWirelessNetwork

M. S. Munir, N. H. Tran, W. Saad, and C. S. Hong, "Multi-Agent Meta-Reinforcement Learning for Self-Powered and Sustainable Edge 

Computing Systems," https://arxiv.org/abs/2002.08567v2 (Under review: IEEE Transactions on Network and Service Management)

Motivation:

ÇEnergydispatchplaysan importantrole to ensuresustainableedge computing

VSavingenergyconsumptioncost

VEnablingrenewableenergyconsumptionasa primaryenergysource

ÇAnimportantrequirementof thenextgenerationof wirelessnetworks

VSelf-powered

ÁProducingrenewableenergy,consume,and store

ÁCapableof sharingwithotherbasestations(BSs)

ÇProvidingsustainableedge computingfor thenext-generationwirelesssystems

VA bi-directionalflowsof energyand data isrequired

ResearchQuestion:

Ç Why do we needto focusonthenon-i.i.d. behaviorof demandand generation?

VEnsuringenergysustainableedge computing

Á Copingwithdivergebehaviorof thenext-generationwirelesssystem

Fig. 1: System model for a self-powered 

wireless network with MEC capabilities


