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2PRESENTATION OUTLINE:

Definitions

Energy consumption monitoring

Weather forecast for renewable energy

Human behavior/presence

Multimodal machine learning for energy management

Deep reinforcement Q-learning

Project deployment

Conclusion



3MICROGRID,SMARTGRIDS AND PROSUMING

Production / consumption / storage in a microgrid

We need a ‘smart’ mechanism to coordinate those actors : 
►At the local scale intra microgrid
►Between microgrids = smart grid



4PROJECT OBJECTIVES

• Consumption, Renewable energy and weather forecast
• Smart management of a single building
• Recommendations on best coupling between different

microgrids

Approach :
► Use multi modal data 
► Construct machine learning models (state, action, reward) 
► muti-objective reward and multi agent coupling

Scientific challenges :
► Best choice of data and granularity
► Adaptation and evolution of machine learning algorithms
► Go from theory to practice
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PEPER PARTNERS

SAMOVAR 
Telecom SudParis
Computer science
Telecommunications

SAMOVAR

GeePs

LMD

LMD
Polytechnique X
LMD - Dynamic Meteorology 
Laboratory 
The laboratory studies 
climate, air quality, and 
changes in planetary 
environment

Laboratoire 
GeePs
Centrale Supelec
Energy expertise

Open to any
collaboration?



6WP1: CHOICE & DATA HARMONIZATION

Example: energy consumption monitoring in the :
Drahi-X Novation Center, Ecole Polytechnique

Total Heating Water heaterPlugsIndiv. heaters LightsVentilation

• Electric/energy consumption, …
• Realtime onsite Mesurement (homes, buildings, campus)



7METEOROLOGICAL DATA

Modèles d ’énergie

Prévison puissance 
produite

Meteorological data :
• Temperatures, wind, sun radiation, rain fall, humidity…
• Local measurement, satellite observation, prediction in regions

Energy model

Power prediction



8MULTI MODAL DATA

Human presence based on cellular data :
►Fine grain presence based on  Cellular data : source Orange, optical Bouygues) :

►Road and urban data sources UberMotion, sytadin, waze… 



9MULTI MODAL MACHINE LEARNING

Tot al Heat ing Wat er  heat erPlugsI ndiv.  heat er s Light sVent ilat ion

Realtime data

Storage/compre
ssion

Classification prediction

Classified and predicted human presence data 

model



10PRELIMINARY CHOICE OF DQN

Example : application of DDQN to utility building
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Data (states) :
§ Human Presence
§ weather (int/ext)
§ Soc

actions  (decisions) :
§ Start / Stop 
§ Store/displace

Reward (multi-criteria) :
§ cost
§ Comfort (MVP)



11TAKE A SIMPLE EXAMPLE: THE FROZEN LAKE GAME
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12A SIMPLE EXAMPLE: ELECTRIC VEHICLE TRADEOFF 
AIR <->MOTOR….
We have a dilemma:

1. Arrive to destination or put yourself confortable?

Source: Florence Ossart, et aL. Comparative Study of Real-Time HEV Energy Management Strategies. IEEE 
Transactions on Vehicular Technologies 2017



13ML TOOLS

Our starting point: « Deep Reinforcement Learning »

The project will combine supervised, unsupervised and 
reinforcement methods



14SECOND STEP ADD DISTANCE DIMENSION



15PRELIMINARY TRAINING RESULTS (DQN TENSORFLOW)



16PROTOTYPING

We plan for a distributed
plateform around Paris 
suburb (Saclay-Evry)

► monitoring of several categories of 
buildings (residential, dorms, 
official, utility

►Share of data and distribution of 
ML agents 

Sensor deployment, big data deployment, 
quality control



17CONCLUSION

• An energy machine learning project (multi modal data)

• Many prediction algorithms are needed

• A choice of the Deep Reinforcement learning

• Translating problems to SAR will be a challenge

• Prototyping will be a priority

• Open to collaborations


