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Outline

A Introduction to Power and Energy Systems (5 min)
A Probabilistic Load Forecasting (15 min)

A Electricity Consumer Behavior Modeling (15 min)
A Multi-Energy Systems Integration (10 min)

A Research Plan (5 min)
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Outline

A Introduction to Power and Energy Systems
A Probabilistic Load Forecasting

A Electricity Consumer Behavior Modeling

A Multi-Energy Systems Integration

A Research Plan




Continental Europe :
A Population > 400 Mio.

A Installed capacity: 350 GW =
A Annual generation: 2200 TWh =512




Four Hierarchical Levels of the Power Grid
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Structure of the Electric Power System
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Structure of the Electric Power System
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Structure of the Electric Power System
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Renewable Energy Development in China

Basic Scenario
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WP: 2400 GW
PV : 2700 GW
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Curtailment Rate

Renewable Energy Development in China

Utilization Hour of Wind Power(China VS US)

2012
2013
2014
2015
2016

2277
2323
2057
2042
2221

2347
2744
2759
2721
2756

China Renewable Energy Installed Capacity
and Curtailment Rate
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200

150
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2016 2017

solar installed capacity (GW)

====solar curtailment

Installed Capacity

Promoting the accommodation of
renewable energy is an effective approach

to the low-carbon energy systems !!!

Wind Curtailment Rates of Different Provinces in 2016
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Real-time Balance in the Power Systems

In traditional power system, the variation of load are balanced by controllable thermal

generations and hydropower; the integration of high penetrated renewable energy present
great uncertainties to the power systems.

60 3500

2500

1 6 11 16 21 26 31 36 41 46 51 56 61 €66 71 76 81 86 91 96

Daily wind power Daily PV power
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Real-time Balance in the Power Systems

The power generation and consumption should be balanced in real-time.

Traditional Renewable umy  Energy
Generation Energy ™.  pemand

Real-time Balance in Power Systems
o TR P Y
. g

Flexibility: Better ways of matching supply and demand over multiple time and spatio-scales.

PL
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Research Summary

Quantify the requirement
for flexibility:
(1) Probabilistic Load
Forecasting

Flexibility
Explore flexibility Explore flexibility
on the demand side: beyond the power systems:
(2) Electricity Consumer (3) Multi -Energy Systems
Behavior Modeling Integration
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Probabilistic Load Forecasting

U PLF help us to have a better understanding of these uncertainties.

U The requirements for flexibility can be quantified.
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Picture: Zongxiang Lu
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Wind power

U Single time period,;
U Multiple time periods;
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Electricity Consumer Behavior Modeling

Electricity Consumption -
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Explore the value behind massive smart meter data, renewable energy data, economic
data, etc. It helps to:

U Have a better understanding and prediction of how load and generation change;

U Promote demand response programs and design retail market.
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Multi-Energy System Integration

Heat/Cold
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SOlar Picture: Ning Zhang

U Large potential in supplementary for renewable energy accommodation

U Power system is the core of the multiple energy systems
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Outline

A Introduction to Power and Energy Systems
A Probabilistic Load Forecasting

A Electricity Consumer Behavior Modeling

A Multi-Energy Systems Integration

A Research Plan
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Backgrounds
What is Probabilistic Load Forecasting?

PLFs can be in the form of quantiles, intervals, or density functions.
11000
9500 -

8000 -

Monthly Peak MW

6500 e, F)

5000 ~ -. . ; k
JAN2011 JUL2011 JAN2012 JUL2012 JAN2013 JUL2013 JAN2014

Picture: Tao Hong
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Backgrounds
From point load forecasting to probabilistic forecasting?

Inputs — Modeling Outputs
Scenario Probabilistic Residual Modeling
Generation Models & Outputs Ensemble

i :

Two-stage Bootstrap Sampling

Probabilistic Net Load Forecasting
YV
Combining Probabilistic Forecasts

Predictions are ineluctably vitiated by errors, originating from noise in the
explanatory variables (e.g. due to the chaotic nature of weather conditions) as well as
model misspecifications.

@ Sy
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Research Summary

U  Modeli 1. Sparse Penalized Feature Selection
“?er;i'“typho “MNEl 2. Quantile Regression Neural Network Model
e hree FAases 13 Modeling Conditional Residual

¥

New Forecasting |4, Residential Load Forecasting
Objects in Smart Grid| 5. Net Load Forecasting with Behind-the-Meter PV
6. Scenario Forecasting Considering Temporal Variation

3

Forecasts 7. From Point Forecasts to Probabilistic Forecasts
Transformation 8. From Quantile Forecasts to Density Forecasts

g

Forecasting Model }|9. Combining Quantile Probabilistic Forecasts
Combination 10. Combining Density Probabilistic Forecasts
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Systems
Laboratory

| 21

PL




Combining Probabilistic Forecasts

In statistics and machine learning, ensemble methods use multiple learning algorithms to
obtain better predictive performance than could be obtained from any of the constituent
learning algorithms alone [1].

Western Phrase: Two heads are better than one;

Chinese Saying: Three vice-generals are equal to one Zhuge Liang

I:\-'\._ 'I: .::I :: .:'
E-i_'-._{ XAD D
404 DA
Oy ™ x Which method is the best?
Deep Neural Network _ , X |s it possible to combine these
Linear Regression s
" methods? <
» ."'-x * — l T ‘
\ ‘_," ® .."'-\.\,% ;\"x‘ i‘*\_\h l“\\ |
e :-. "y ™ LR “ & -

. 11!1.-1-11.’..‘.
Generalized Additive Model SEEEE SES RIS E S 58 SRS S8 HHE

Random Forest

[1] https://en.wikipedia.org/wiki/Ensemble_learning
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Combining Probabilistic Forecasts

Various ensemble methods have been studied to combine multiple point forecasts.

However, combining probabilistic load forecasts is a rarely touched area.

Combine point forecasts | Combine probabilistic forecasts

One dimension High dimension
RMSE, MAPE Reliability, sharpness, calibration
Analytical solution ?7?7?

Contributions of our works:
C New problem: Extend the ensemble method to the PLF area;

C Elegant formulation: Formulate the combining problem into an LP or QP model.

Power
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Combining Probabilistic Forecasts

Problem formulation

Model Model Model 1) How to generate multiple
Generating Pruning Ensemble PLE models?
Model #1
% o Modd#l  Nw 2) Among the N forecasting
a Model #2 Ensemble models, how many and
%” Model #3 = : Model which methods should be
E s VS selected for the final
T ensemble formation
process?

3) How much weight should be given to each method for the optimal combination?

Power
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Combining Probabilistic Forecasts

Problem formulation .
Loss function

/‘ Combined forecast
T o

Determine min TL=g L

, Yi— Real load
the weights "% 4

: t=1
N

st. Qw, =1

n

Summation and non-negative constraints

A deep investigation of the loss function is the key to
formulate and solve the optimization problem.
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Combining Probabilistic Forecasts

Problem formulation

Pinball loss and CRPS assess the calibration and sharpness simultaneously, thus
balancing the statistical consistency between the distributional forecasts and the
observations and the concentration of the predictive distributions

Ly,

q_l .....................
Ve ??
Pin(ball |QSS) § Continuous ranked probability score (CRPS)
. F Y- %.)0 Y& ¢y o
PL(%q. %) =1, . CRPYF, ¥) fi(R(2)- {z-y)) d
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2.2

Load/MW
=

o
N~

Combining Quantile Forecasts

(Y- & ey o= N
f({ %) O g oA w yE,
T(ﬁq' yt)(l 'CI) Wq:- X n=1

o
~
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m 2 9NN
min TL=§Q E%@Xn v,
s =1 Clngz

N
st aw~1 wz2d0
ﬂﬂ
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Combining Quantile Forecasts

Ly,
,,% =arg T/in'a' |_t’q (qj‘-rq ’yt) Constrained quantile regression averaging
N (I _
=argmind mafa(y.- &) ( Td(¥§ ) |/
ST LA
st¥.°a W,k aw, =L w, 9 n" —

ni N ni N Vi Vi

~

‘ Auxiliary decision variables V,, = max{q( ¥ ﬁq) (1 ED( i Y)}

=argming v
% , ?T h i LP problem

st¥.°a WYk AW, =L W, ® n i Model selection

ni N ni N

Vo2 a(% Bo) Vo 6L G(VE ¥}
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Combining Quantile Forecasts

We try to combine 13 individual methods and test the combined forecasts
in ISO-NE dataset.

Pinball losses of different combining methods.

Zones | gyg CT NH ME RI VT | SEMASS | WCMASS | NEMASS
Methods

BI 288563 | 81478 | 27216 | 18.146 | 21.756 | 12.426 | 42.307 41.039 63.685
NS 327569 | 95.058 | 31.586 | 19.003 | 25.738 | 13.247 | 48.817 F7.041 71.873
MED 281.607 | 79359 | 26.713 | 17.081 | 21.044 | 12.300 | 41.570 30.676 63.048
SA 280.375 | 79.322 | 26618 | 17016 | 21.053 | 12.233 | 41.336 40.638 62.752
WA 780266 | 79.306 | 26.600 | 17.008 | 21.049 | 12.227 | 41.329 70.616 62.706
QRA-E 276417 | 77995 | 27.184 | 17.806 | 21.683 | 12.303 | 41.484 30.949 61.793
QRA-A 271519 | 79.037 | 26330 | 17.864 | 21.140 | 12.145 | 41.295 31252 62.783
QRA-T 277487 | 78313 | 26380 | 17.523 | 20.847 | 12.135 | 41.271 30.752 61.849
CQRAE 356,527 | 100.025 | 33.820 | 22.767 | 26540 | 15.616 | 51.765 51.544 70131
CORA-A 377510 | 78.870 | 26437 | 17.610 | 21.059 | 12.100 | 40.847 30.672 61.491
CQRA-T 269.953 | 77.961 | 26.034 | 17.492 | 20.619 | 12.061 | 40.941 30422 61.524

Power
Systems
Laboratory

PL

Improvement(%)
S = N W s o 9 ®

Relative improvements compared with the best individual.

" MED m®mSA WA

SEMASS

WCMASS

QRA-A EQRA-E mWQRA-T ECQRA-A mCQRA-T

NEMASS
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Combining Quanti

PL

e Forecasts

wantiles | yo.th | 20th | 30th | 40th | 50th | 60-th | 70-th | 80-th | 90-th
Models

#1 0 0 0 0.128 | 0.123 0 0.015 0 0.102
#2 0 0 0 0.177 | 0.022 | 0236 | 0.154 | 0.004 0
#3 0.036 0 0 0.041 | 0.255 0 0.123 | 0.302 0
#4 0.385 | 0.444 | 0.281 0 0 0.030 0 0 0.068
#5 0.165 0 0 0.200 | 0298 | 0339 | 0.092 0 0.134
#6 0.037 | 0.093 | 0.537 | 0.264 0 0 0.000 | 0.251 0
#7 0 0.131 0 0.071 0 0 0.265 | 0.051 | 0.218
48 0 0207 | 0.152 0 0.158 | 0.003 | 0.350 | 0.133 0
#9 0377 | 0.047 | 0.030 | 0.117 | 0.143 | 0.392 0 0.206 | 0.333
#10 0 0.078 0 0 0 0 0 0 0
#11 0 0 0 0 0 0 0 0.052 | 0.145
#12 0 0 0 0 0 0 0 0 0
#13 0 0 0 0 0 0 0 0 0

Models that are selected for different qua

ntiles for total load (SYS).

Models Zones SYS CT NH ME RI VI  |SEMASS WCMASS|NEMASS
#1 0.102 | 0144 | 0231 | 0.015 | 0.001 | 0355 | o 0 0.196
#2 0 0 0 0.082 | 0.074 | 0.46 | 0.071 0 0
13 0 0 0.031 0 0 0.079 0 0.196 0
4 0.068 0 0.089 0 0 0.038 0 0
#5 0.134 0 0 0 0.272 0 0.199 | 0318 | 0.199
46 0 0 0283 | 0231 | 0226 | 0.09 0 0 0.136
#1 0.218 0 0.058 | 0.058 0 0.082 | 0.166 | 0218 | 0.049
#8 0 0.129 | 0308 | 0.079 | 0.197 0 0.173 | 0.076 | 0.087
#9 0333 | 0341 0 0185 | 0.021 | 0243 | 029 | 0.192 | 0.333
#10 0 0 0 0 0 0 0 0 0
#11 0.145 | 0267 0 0 0 0 0 0 0
#12 0 0 0 0 0.210 0 0 0 0
#13 0 0.119 0 0 0 0 0.062 0 0

Power
Systems
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Models that are selected for the 90-th quantile for different zones.
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Combining Density Forecasts

The applications of the CRPS have been hampered by a lack of readily computable

solutions to the integral.

o]

CRPSF, %) i (R(2)- {z-y)) d

This drawback is overcome by [1]:

CRPYF, y,) E|Y- y —; BY N

Let 6s consi de Gauasiasa Mirtpré Ristrivatiore :

Power [1] L. Baringhausand C. Franz, fOn as annepw endaureasof Wabivariatd e t wo
rstems - Analysis, vol. 88, no. 1, pp. 190i 206, 2004. 3
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Combining Density Forecasts
Two lemmas for Gaussian model: ~ CRPYF, M)@

Lemma 1: The expectation of an absolute value of a finite mixture distribution is
the weighted sum of the corresponding expectations of absolute values of

the components of the finite mixture distribution.
If X, X,,--- X, are the N components of the finite mixture distribution X with

weights 4, W, - |¢,then E|X|=& " w,E|X|

Lemma 2: If Xand Y are independent random variables that are finite mixtures of
normal distributions, then their sum is also a finite mixture of normal
distributions. i.e., if

N -

=8 wAXl @5 () =8 o YV 00 D

L M
w20, w?20a wawt

=1 m %

where 7(Q m )is the PDF of normal distribution N(m 9 , then the PDF of Z=X+Y is:
L M
fz(z):é_ E":'IW| w x| | m m’di |2 S"rzn)

=1 m &%

Power
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Combining Density Forecasts

If individual density forecasts are Gaussian distributed f, (X), the combined
forecast follows Gaussian mixture distribution:
N
fX (X) - a. M/n fn(X)
n=1

Then, the CRPS can be calculated as:

N N N
CRPSE y FA WEY, -y A &wpeY ¥
n=1 E

i 2
The expectation of the absolute value of a normal distribution N(/m 9 can be

calculated as follows:

E[X|= |4 f(3dx = fx( xdx + bef x d

5
zsﬁe” e ) 1
o, s
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Combining Density Forecasts

Thus, we have:

CRPSE ,y)=a aa.J WW+ an

i=1j 2
where

(m-_ " m g ) m
\/ gl o) < L2 ¢ )1

si+ qz
_ /_ (m-y)° (417 -y)
b, = F S exp( 2 ¢ ) E.my)2 ¢ S ) 1]

min WQuwtc w QP problem!
W Is this convex?

Finally, we have:

sit. 1'w=1 w2(
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Combining Density Forecasts

PDFs of predictions of four typical days given
by the base models and their combination

Performances of combined models A —— v
/ \“, : z:r:bine : E:r:bine
Metric Method Simple Average | MAPE Based | CRPS Based 0.0015 e
MAPE / % 5.48 5.09 5.11 s 20
MAE / MW 214.41 198.99 199.43 o000 " oo
CRPS / MW 151.19 141.58 141.07
0.0005 0.0005
CRPS of the best individual model and combined models ;0
2800 3000 3200 3?{?nljrw3600 3800 4000 3400 3600 SSOEtMaIOOO 4200 4400
Reoi Method Best IndividualSimple AverageMAPE Based/CRPS Based 0.0035
cgion = Y ---- GPR1 o GPR1
CT 1487 [51.19 14158 141.07 FON T e [——"
ME 33.8 3271 32.71 32.40 [ Comeine | oos " Combine
NH 43.0 42.08 41.43 41.01 0.0015
VT 21.2 20.99 19.78 19.64 - L
RI 31.4 32.28 30.66 30.36 = 00010 % 0.0015
SE 61.4 62.95 59.91 59.83 00010
WM 71.4 75.28 70.68 70.04 0.0005
NM 103.7 110.14 102.25 101.66 )
0.0000] T 0.0000
3600 3800 4000 4200 4400 4600 2200 2400 2600 2800 3000
x[MW xIMW
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Combining Density Forecasts

Relative CRPS improvements of Relative MAPE improvements of
the three combination methods the three combination methods
10 6
8 4
2 E 0 II m_ o
g 4 2 CT ME NH VT 'RI |SE WM |NM
H i :
; Il Ee :
R i N s
A CT ME NH VT RI SE WM |NM -6
=3 o
o = -8 =
4 -10
-6 -12 -
-8 14
© Simple average = MAPE based = CRPS based = Simple average = MAPE based ® CRPS based
Power
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Combining Density Forecasts

GPR1 |GPR2 |GPR3 |GPR4 |GPR5 |NN1 |NN2 |NN3 |NN4 |NN5 |XGB1 [XGB2 |XGB3 |XGB4 |XGB5
CT 033 0.00] 0.00 000 000 o000 o019 o000 0470 000 000 000 000 0.00] 0.00
ME 0.00] 0.04/ o000 o.11f 022/l o014 009 0.03] o0.00f o021 o016/ 000 0.00[ 0.00 0.00
NH ~0.15] 001] 002 o000 o001 000 000 o000 000 007 009 o018 o0.14] 006 027
VT 0.00 0.00 0.00] 0.00 000 000 0.00 o000 o019 o0.12] o007 o012 o0.14] 0.13] 0.23
RI 0.00 000/ 0.01] 0.00 000 000 009 000 000 002 034 o000l o013 o024f o017
SEMASS 0.00f 0.12] 0.00 000 000 000 000 o000 000 o0.00f o016 o000 037 o0.01 034
WCMASS 0.00| 0.00] 0.00 o0.00 000 000/ o008 o000 000 009 009 o000 038 013 022
NEMASSBOST| 0.00| 000 000 000 000 000 000 000 o019 000 004 000 031 033 015

Weights of the base models in the CRPS-guided model

GPR1 |GPR2 [GPR3 |GPR4 |GPRS |NNI |NN2 [NN3 |[NN4 |NN5 |[XGB1 [XGB2 [XGB3 [XGB4 |XGB5
CT | 026/ 0.00[ o000 000 000 o000 o0.10 000 063 000 000 000 000 0.00 000
ME 0.00] 0.12| 000 000 040 o000 032 002 000 006 007 000 000 000 000
NH . 0.08] 016/ 001 000 o000 o011 o000{ 003 000 0020 022 o000 000 o.10f 027
VT 0.00 0.00] 004/ 000 o000 002 000 000 015 005 o005 0130 029 o000 026
RI 0.00] 0.02] 003 o000 o008 o000 o010 o004 000 000 o030 o000l | 031 o013 0.00
SEMASS 0.00 008 001 000 000 000 000 004 000 000 010 000 048 0.00[ 029
WCMASS 0.00 0.00] 0.00 000 o000 008 000 000 o000 o012f o020 o000 060 000 0.00
NEMASSBOST| 0.00] 0.00] 0.00] 000 000 000 000 000 000 003 000 o000 054 l0.43] 0.00

Weights of the base models in the MAPE-guided model
Power
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Outline

A Introduction to Power and Energy Systems
A Probabilistic Load Forecasting

A Electricity Consumer Behavior Modeling
A Multi-Energy Systems Integration

A Research Plan
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Backgrounds
No. %siatteam Data Source Data Type F%que&y Data Structure
Economic GDPe CPIE PMI Purchasing
1 : Statistic BureayManagers Index 8 Sales Valug |/Per Month| Non structural
Information :
Prosperity Index
Energy. E.n.ergy Electrical Load Outpug Power : Non structural
2 || Consumption Efficiency Qualitye Temperature 15Min /Structural
Data Platform ¥ P
: . o
3 Meteorological | Meteorological Temperatur§ Humidity Per Day Structural
Data Bureau Rainfall
EV Chargin ChargingPile Current \oltagee Charging :
4 \ Data 7/ RTU Rateé State of Charge 15Min Structural
Custome Customer
5 | Service Voice . Customer Voice Data eal Time| Non structural
at Service System

Variety

10 million Smart Meters, 15min E> 60GB per day, 21TB per year.

PL
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Value???

Velocity

Volume
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Backgrounds

Participators and their businesses on the demand side

v" Network Security
v" Economic Operation

DSO
Demand Response
Energy Efficiency
A2
E=EEED
[——=]
1 M
'ﬁ ici | ol | Consumer
Retail i ' . v" Home Energy Management
etailer . v :
v' Electricity Purchasing Transactive Energy
v" Price Design

Data Service

v" Personal Service @
Provider

v" Theft Detection

v Data Cleaning
v" Data Analytics

Power
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Backgrounds

Data Analytics is commonly dissected into three stages: descriptive analytics
(what do the data look like), predictive analytics (what is going to happen with the
data), and prescriptive analytics (what decisions can be made from the data).

Smart Meter Data Analytics
I

v ! !
Load Load Load || Connection
Analysis Forecasting Management Verification
N — — —
=
2 Bad Data Forecasting With Customer N Outage
H _’ - _’ . . _F . .
S Detection Individual Meters Characterization Management
2.
2“ L, Non—techni(?al [, Fore§a§ting Without | | | Demand szsponse ) Data _
Loss Detecting Individual Meters Targeting Compression
|, Load N Probabilistic || Electricity Price L, Data
Profiling Forecasting Design Privacy
v i A 4 i
Techniques: Time Series, Dimension Reduction, Clustering, Classification, Outlier Detection,
) Deep Learning, Low Rank Matrix, Compress Sensing, Online Learning......
@L Systems | a1
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Electricity Consumer Behavior Modeling

U Customer behavior refers to the electricity consumption activities and related
attitudes of customers under a certain environment to maximize the overall utility.

I Environment bAg

).

| Spatial
: Extension

:UW" Aggregation

)

i

.WH‘ Forecasting

:Temporal
Subject | Extension

) WD

U It has five basic parts: behavior subject, behavior environment, behavior means,
behavior utility, behavior results.
U We can also have two extensions from spatial and temporal perspectives.

Power
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Research Summary

Data

3. Data Compression

E M\Q émﬂ

8. Sacio-demographic

[ memmem———mm— oo -
9. Household v
L Behavior Coding
4. Anomaly Detection Consumer
4.
{ )
v Utility

|
1
1
1
1
I
1
1
I
1
1
I
|
1
1
1
1
i
1 < e —————
1
I
1
1
I
|
1
1
1
1
I
1
1
I
1
1
1

5. Data Generation

Power
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Information Identificatiop\ M

|

| | }V\\
14 \

Ny

A

Voo

Profiles

Spatial
Extension

T 2

Behavior
Extension

10. Consumer
Aggregation

buiysedasoy
pajebaibby ‘z|

@ )i

-
.
» NS

- -
.
.
. %

-

11. Individual
Forecasting
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Socio-demographic Information Identification

Retaillersat t empt to analyze customerso e
so that they can provide diversified and personalized services.

0.9

——Day #1
——Day #2

Day #3
——Day #4
——Day #5
Day #6|

EN

S t
T

Comsumption (kW)
=] < (=] (=}
w N

=
~
T

i L ! | ) ) 1 |
13 17 21 25 29 33 37 41 45 48
Time (30 min)

Can we identify the social-demographic information of the consumers?

Challenges:
1)Problem formulation;
2)High-dimensional load data;

Power

, & 3)High time-shift invariance;
Laboratory ‘
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Socio-demographic Information Identification

PL

No. Question No.  Socio-demographic Information Question Answers Number

Young(<35) 436

1 300 Age of chief income earner Medium(35~-65) 2819
Old(>65) 953

P . Yes 1285

2 310 Chief income earner has retired or not No 2047
A or B 642

3 401 Social class of chief income earner Cl or C2 1840

DorE 1593

: Yes 1229

4 410 Have children or not No 3003

Detached or bungalow 2189

> 430 House type Semi-detached or terraced 1964

) Old(>30) 2151

6 453 Age of the house New(<30) 2077
Very low(<3) 404

: Low(=3) 1884

7 460 Number of bedrooms High(=4) 1470
Very High(>4) 474

: . Electrical 1272

8 4704 Cooking facility type Not Electrical 2060

. : . Up to half 2041

9 4905 Energy-efficient light bulb proportion Three quarters or more 2101
Small(<100) 232

10 6103 Floor area Medium( > 100& <200) 1198
Big(>200) 351
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Socio-demographic Information Identification

Data Preprocessing

Feature Extraction

Classification

C1:8@6 x 22 C2:16@4 x 20  P1:16@2 X 10 F1:320@1 x 1
Original Load Data
111 % 168 o F2:32@1 x 1
O:rl'gi;l[al r‘ﬂt'l:lre }/"/ . s < —_— e — —_ Output
B Convolution Convolution xpooli ropou .
12:7 x 24 Layer “layer Cayer propout O1:1x1
Fully Connection
F1 SCORES OF DIFFERENT METHODS
SVM LS PS SS CS Proposed | Improvement 1 | Improvement 2
1 0.562 | 0.563 | 0.539 | 0.533 | 0.571 0.589 1.42% 3.15%
2 0.652 | 0.659 | 0.602 | 0.569 | 0.687 0.71 4.25% 3.35%
3 0474 | 0.458 0.47 0.451 | 0.512 0.554 8.02% 8.20%
4 | 0709 | 0.711 | 0.687 | 0.615 | 0.737 0.752 3.66% 2.04%
5 0446 | 0563 | 0.562 | 0451 | 0.584 0.616 3.73% 5.48%
6 | 0488 | 0.576 | 0.52 0.519 | 0.661 0.702 14.76% 6.20%
7 0418 | 0.389 0.42 0.361 | 0.432 0.454 2.86% 5.09%
8 0.584 | 0.605 | 0574 | 0.574 | 0.652 0.683 1.77% 4.75%
9 0446 | 0454 | 0491 | 0409 | 0.547 0.572 11.41% 4.57 %
10 | 0.539 | 0.538 | 0.516 | 0.499 | 0.552 0.583 2.41% 5.62%
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Socio-demographic Information Identification

1

B Accuracy
0.9 | [ IF1-Score
=— Accuracv-Average
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U Among these ten questions, the accuracies of #2 (chief income earner has
retired or not), #4 (have children or not), and #8 (cooking facility type) are
higher than 75%;

U The accuracies of #7 (number of bedrooms) and #9 (energy-efficient light bulb
proportion) are lower than 60%;

U The accuracies of the remaining questions are between 60% and 75%.
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Electricity Consumption Patterns Extraction

Characteristics of Individual Smart Meter Data

Consumption
o o o o
Consumption
o o o o

N IS © -
\i / / / / /

Sparsity: only a small fraction of the time has higher electricity consumption
while the rest approximates to zero.

Diversity: load profiles are various with different customers and in different
days, but it can be decomposed into different parts.

PL
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Electricity Consumption Patterns Extraction

|Idea of Sparse Coding

Coding
Original
load profile
| A
|I| I'II .\I'v'
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A Ly
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- Reconstruction
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Partial Usage Pattern (PUP)
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Electricity Consumption Patterns Extraction

Non-Negative Sparse Coding

I:> Minimize the recovery error

s.t. Hq”o ¢s, 1¢ o Sparsity Constrains
8,20, 1a ®,1 k¢ K¢
d .20, 1¢& K,1 n¢ N

Non-Negative Constrains

1) Search a redundant dictionary D that captures the features or
PUPs of load profiles as well as possible

2) Optimize the coefficient vector A of each load profile to guarantee
Its sparsity and an acceptable reconstruction error.
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Systems | 50
Laboratory

PL




Electricity Consumption Patterns Extraction

s ——— Original  — - = ~ Reconstructed
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Electricity Consumption Patterns Extraction

Dictionary |
Learning _
l N Load Proflles_> Performance_> Method
Sparse Classification Evaluation Validation
Coding |
b a)a+b——1 . | T o .
y__O OO O o I'J 6‘) a +b 0 04—(% ) ) R . |
o oo o )/ '
o) C? /@‘ +b 1 I ‘i
.05 /A0 L ] |
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Electricity Consumption Patterns Extraction

E Ten most relevant PUPs for SMEs and residential customers

T Shape T ouraion T eakumes
_ Vaulted Long Dawn, working hours
Sharp peak Short Morning, night
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