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PRESENTATION 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



MICROGRID,SMARTGRIDS AND PROSUMING y 3

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



PROJECT 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
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WP1: CHOICE & DATA HARMONIZATION y 6

 Electric/energy consumption,
* Realtime onsite Mesurement (homes, buildings, campus)
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Example: energy consumption monitoring in the :
Drahi-X Novation Center, Ecole Polytechnique




METEOROLOGICAL DATA y 7

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

Energy model

Surface downwelling shortwave irradiance - zone 1
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MULTI MODAL DATA y 8

Human presence based on cellular data :
» Fine grain presence based on Cellulardata : source Orange, optical Bouygues):

1200
week day




MULTI MODAL MACHINE LEARNING y 9

Classified and predicted human presence data

Realtime data
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PRELIMINARY CHOICE OF DQN &I 10

Example : application of DDQN to utility building

Data (states) : actions (decisions): Reward (multi-criteria) :
= Human Presence = Start/ Stop = cost
= weather (int/ext) = Store/displace = Comfort (MVP)

update w
Actions
3t —Q(St, a, W)
Qsy, 2, W) Calculations
aE I |r + y*maxa O(st+llal Wt-)_
Q(st, at:Wt+)||
’ —O(S't+llall Wt-)
6 S t+1
. a Sl 11,32, _
Exploration Rewardr —Q( 141,32, Wr)
(experience list _I—y
<St ay, I't, St+1>




TAKE A SIMPLE EXAMPLE: THE FROZEN LAKE GAME y 11
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A SIMPLE EXAMPLE: ELECTRIC VEHICLE TRADEOFF y 12
AIR <->MOTOR....

We have a dilemma:

. Arrive to destination or put yourself confortable?
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Source: Florence Ossart, et aL. Comparative Study of Real-Time HEV Energy Management Strategies. IEEE
Transactions on Vehicular Technologies 2017



ML TOOLS y 13

Our starting point: « Deep Reinforcement Learning »

1t d == True:
$#Reduce chance of random action as we train the model.
e = 1./((i/50) + 10)

break
jList.append(j)
rList.append(rall)

s 0 [«
trouve......... i T
s 43 3
trouve......... s T 2N
Saved Model ./dgn/mod49.cptk
s 37
(Down)
789ABCDSFGHIJKLMNOPQRVTUXYZ1234568%-[|~+5/%~#
(Down)
789ABCDSFGHIJKLMNOPQRVIUXYZ1234566%F ~+5/%~#
(Down)
789ABCDSFGHIJKLMNOPQRVTUXYZ1234565f-_ ~+5/%~#
(Down)
789ABCDSFGHIJRLMNOPQRVTUXYZ123456F%~_~+5/%~#
(Down)
789ABCDSFGHIJKLMNOPQRVTUXYZ12345Fa%~_~+5/%~#
(Down)
78 QABCDSFGHIJKLMNOPQRVTUXY21234I6&"’—_~+$/'¢~#
(Down)
L 7RAARCNSFGHTIRTMNOPORVTIXYZ1 23565 %~ ~+5 /%~ El

In [1]: import tensorflow as tf
import numpy as np

import gym
import gym banana
£#@W = +Ff Variahlal+f randnm nnifarm/{INhC+a+ 21 N N NT1)

The project will combine supervised, unsupervised and
reinforcement methods
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PRELIMINARY TRAINING RESULTS (DQN TENSORFLOW)y 15
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PROTOTYPING y 16

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

quality control



CONCLUSION & 17

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



