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FLEX+

Large-scale use of prosumer flexibility in short-term electricity markets, taking into account prosumer
interests

INITIAL SITUATION, CHALLENGES AND MOTIVATION

The integration of prosumers into the energy markets is promoted both at the European level, for example in
the so-called winter package, but also at the national level in order to actively involve the prosumers in the
market and to integrate fluctuating renewable energies by using their flexibility. From a technical point of
view, automatically-controllable prosumer components such as heat pumps, electric boilers, battery
storage and e-mobility are particularly suitable for this purpose. Surveys in the MBS+ and EcoGrid EU
projects have shown that there is a great interest on the prosumers side to make their flexibility available
externally, in order to contribute to a rapid energy supply that is affordable for society. Unlike in Austria,
there are already existing business models in the area of private flexibility marketing in Germany and
Switzerland. However, due to the different legal, regulatory and economic circumstances, these can not be
transferred one-by-one to Austria. Studies in the above research projects also show that the willingness of the
prosumer to participate is very strongly influenced by certain factors, such as their own interests - an aspect
which is not or only insufficiently taken into account in existing business models in the other countries. By
comparison, financial interests play a less important role. In order to exploit the existing potential from an
economic point of view, the needs of the prosumer must therefore be taken into account accordingly.

OBJECTIVES AND INNOVATION

The project develops scalable optimization algorithms at the aggregator and prosumer level, which take into
account not only the interests of the aggregator, but also the needs / interests of the prosumer. Under this
premise, an optimal market-wide use and marketing of the existing flexibility in private households is to be
made possible for all stakeholders. This premise is subsequently tested in large real-time operation and
evaluated for selected use cases, such as the commercialization of spot and balanced energy markets as well as
for the minimization of balancing energy. While existing business models are only available for a single
component / technology, the planned project is designed to increase the flexibility of several different
components in a household, such as heat pumps, electric boilers, battery storage and e-mobility, and to make
use of these markets across a range of selected (system) services.
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‘ cxoaHble AaHHble

Zeitpunkte innerhalb des Optimierungszeitraums (+24h)
Batterieladezustand in %

Last Prognose als Energie in 15 Minuten Intervallen. Multipliziert mit 4 ergibt sich die

Leistung

PV Prognose als Energie in 15 Minuten Intervallen. Multipliziert mit 4 ergibt sich die

Leistung
Kaufpreis des Stroms (inkl. Netzgeblihren). Formel: Netzgebihren +

(awattarPreis+Okostromabgate)*Ust; Okostromabgabe = 0,001€, Ust=1,2

Verkaufspreis des Stroms
Batteriekapazitatin Wh

Maximale Ladeleistung der Batterie
Maximale Entladeleistung der Batterie

Maximale Wechselrichter Leistung von DC zu AC

Maximale Wechselrichter Leistung von AC zu DC
Tatsachlicher Energiefluss ins Netz
Tatsachlicher Energiefluss vom Netz
Tatsédchlicher Energiefluss an Verbraucher/Last

Tatsachlicher Energiefluss vom Wechselrichter auf AC-Seite gemessen
Tatsachlciher Energiefluss zum Wechselrichter auf AC-Seite gemessen
Tatsachlicher Energiefluss vom PV-Modul

Tatsachlicher Energiefluss von Batterie

Tatsachlicher Energiefluss zur Batterie

SoC laut SolarWeb am Ende des 15 Minuten Intervalls

Bblicwwas wkona akoHomukn, Mepmb, 2020 0

Bpemsa B nepuoa onTMmmu3sauum
3apAag akkymynAatopa

lMporHo3Hoe 3Ha4YeHue Harpysku Ha 15 MuHyT
MNporHo3Hoe 3HavyeHue PV Ha 15 muHyT

MoKynHaA LeHa Ha 93, BKAtoYasa ceTeBble cbopbl

LleHa npoaarkmn 39

EmKocTb 6aTapen

MakcumanbHasa 3apaaHas MOLHOCTbL baTapen
MaKcMmanbHas pa3pagka akKymyaatTopa

MaKcrMmanbHasa MOLHOCTb MHBEPTOPA OT NOCTOSAHHOTO TOKa A0
nepemeHHoOro

MaKcMmanbHaa MOLHOCTb MHBEPTOPA OT NEPEMEHHOFO TOKa
[0 MOCTOAHHOIO

PaKTMYECKMI MOTOK SHEPTUN B CETb

PaKTMUECKMIA NOTOK SHEPTUUN U3 CETH

daKTUYECKMIN NOTOK SHeprum noTpebutento / Harpyske
dPaKTUYECKMI NOTOK SHEPTUM OT MHBEPTOPA, U3MEPEHHDIN Ha
CTOpPOHE NepeMeHHOro ToKa

PaKTMUECKMIA MOTOK SHEPTUN K MHBEPTOPY N3MepPAETCA Ha
CTOpPOHE NepeMeHHOro ToKa

PaKTUYECKMI NOTOK 3HEPTMM OT GOTOINEKTPUYECKOTO MOAYNA
daKTMUecKuii NOTOK sHeprumn u3 Gatapeu

daKTMYecKmMii NOTOK 3Hepruun B batapeto

SoC B cooTBeTtcTBMM C SolarWeb B KoHUe 15-MUHYTHOrO
WHTepBana
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[lToaroToBKa AaHHbIX

HAUNOHANEH R WCCNEROBATENLCHAR
YIMBEPCHTET
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CNEROBATENLCHAR

| PacueT sHeprobanaHca

Load

A

PV
panel
Epv |
Control |« Ere
Unit >
. Eic
Ew | | Es
Battery

Grid

Bblicwwas wkona akoHomukn, Mepmb, 2020

Epy — energy which goes from PV panel

E, — energy consumption by Load

E.g — charged energy to battery, E;z< 0

Es — discharged energy from battery, E;z >= 0
E.c —energy to grid (energy to sell), E,; <0

Es — energy from grid (energy to buy), E;s>=0

Balance can be calculated by:

B=AE- (Eg+Ep+Eg*E)
where AE = E,, - E,
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HALUMOHANEH R

Pacuet 6a30BOM MOLLHOCTU, MOTEHLLMAIbHOMU

yraen:

rMOKOCTM U COCTOSIHUA 3apaaa baTtapeun

Algorithm 1 Baseline power to battery i at time interval ¢

1
2:
3:

10:

11:
12:

procedure B;(AP;(t), SOC;(t))

Step la. maximum possible (average) charging power to battery

ATZ (1) = (1 —SOC(1)) - ﬁ > We make the assumption here that
the maximum charging power, cmax,i, is evaluated at the output of the battery. Thus, the
actual charging power (that directly affects the SOC;(t)) will be a bit smaller than cmax,:
due to the energy losses during charging (captured by the efficiency rate n.;). AT7;(t) is
the minimum time needed for the battery to reach its full energy capacity, denoted by x;,
at the maximum charging power ¢max,i.

Py cmax,i(t) = Cmax,i - min {ATZ ;. AT} /AT © This is the maximum (average over a
AT time-interval) charging power that could be achieved within AT'.

Step 1b. maximum possible (average) discharging power to battery

AT () = SOC(t) - g=iot > Analogously
to the charging case, we make the assumption here that the maximum discharging power,
denoted by diax,i, is evaluated at the output of the battery. Thus, the actual discharging
power (that directly affects the SOC;(t)) will be a bit larger than dmax,; due to the energy
losses during discharging (captured by the efficiency rate 74,;). AT ; is the minimum time
needed for the battery to empty at the maximum discharging speed dmax,i.

Py dmax,i(t) = —dmax,q - min {AT]; AT} /AT & This is the maximum (average
over a AT time-interval) discharging power that could be achieved within AT

Step 2. baseline power to the battery

if AP;(t) >0 then

Py base,i (1) = min { P} (1), APi(t)} > 0 & if there is an excess of power, a

battery is always charged at maximum possible (average) power

else

Py base,i(t) = max { B} 4 ;(t), AP;(t)} <0 > if there is a shortage of power, the

battery is always discharged at maximum possible (average) power

return P pase,i(t) > baseline power to battery at interval ¢

[Chasparis et al., 2019]

Bblicwwas wkona akoHomukn, Mepmb, 2020

Algorithm 2 Flexibility potential of household i at time interval ¢

1: procedure V;( Py base,i (1), SOC;(t))

2:

Qo hw

Maximum charging (flexibility) potential

'Uc,i(t) = [F)b,c,max,z (t) - Apb,base,iLr - AT

Maximum discharging (flexibility) potential

vd,i(t) = [Pb,d,max,i(t) — Po base,i]_ - AT

return ve ;(t) . va,i(t) > flexibility potential at interval ¢

Algorithm 3 State-of-Charge of battery ¢ at time ¢ + 1

1:
2:
3:
4:

10:
11:

12:

procedure X;(SOC;(t),v4,i(1),ve,i(t),ui(t))
Step 1. average power to battery under u;(t),
if u;(t) > 0 then
Bi(t) = Prbase,i(t) + wi(t) - vei(t) /AT > Charging flexibility potential

ve,i(t) during time interval ¢ has been computed by first applying Algorithm 1 to compute

Py base,i(t) and then applying Algorithm 2 for computing the available charging potential

ve,i (1)

else
By i(t) = Popase,i(t) — wi(t) - va,i(t) /AT > Discharging flexibility potential

vq,i(t) during time interval ¢ has been computed by first applying Algorithm 1 to compute

P, base,: and then applying Algorithm 2 for computing the available discharging potential

‘Ud:i(t)

Step 2. State-of-Charge at time t + 1
if A, :(t) > 0 then
SOC;(t + 1) = SOC, (1) + 1, 22iAT

X
else
SOC;(t +1) = SOC;(1) + B2T
return SOC;(t + 1) > State-of-Charge at ¢ + 1
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>\ [INCKpeTHbIM aBTOMAT ANA YNpaB/ieHUS
\\ 3

MHBEPTOPOM
AE SoC(t+1) SoC(t+1) EtB EfB EfG EtG st
}=0 “}0%“ II<1 00%"
0 0 1 batempty O 0 0
0 1 0 bat full 0 1 0 0 2
0 1 1 0 1 0 0 3
1 0 1 batempty 1 0 0 0 4
1 1 0 bat full 0 0 0 1 5
1 1 1 1 0 0 0 6

For “True” 1s used “1”

For “False™ 1s used “0”

“False” mn case the “SoC(#+1) ~0%” means that the battery 1s empty
“False” in case the “SoC(#+1) <100%” means that the battery 1s full
“1” i case Ez means that energy goes from battery

“1” in case Eyp means that energy goes to battery

“1” m case Ezz means that energy goes from grid

“1” m case E;g means that energy goes to grid

1o



HALUNORANEH 7
yiaan:

AHann3 nepexoaoB COCTOAHUM

Flex Dash_1 »

-s00
12730 n L

data Caic: E. from_grid Wh — daa.Caic: . 1o grd Wh

Cale_SoC_init_Pot

Balance_Wh

Price_Eur

24781

Average SoC %

Total Balance Wh

Average Expense Tariff Eur
0.15

Average Income Tariff Eur

123 n n
data Taff_expense_Fur == data Tasff_income_Fur

Panel Title

Boiclas wkona akoHoMuku, MNepmb, 2020

0.04
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g, = Yiorn T Yiaan + Yoo

t 3 N =96

E_load + Forecast =

2016-10-06 15:45:00

= Load: 86
12K = Forecasting CLD:  1.104K

800

Wh

600

200

J

on 10/3 10/5

10/11 10/13 10/15 10/23 10/25

= Load == Forecasting CLD

Load forecast RMSE

125 | ‘

non

5 ‘ ‘

0
101 10/3 10/5 10/7 10/9 /1 10/13 10115 10117 10/19 /21 10/23 10/25 10/27 10/29 10/30

== Load Feature Extraction RMSE
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Moaenb 2. bazoBaa AMHUA

HALUMOHANEH R GO
yraen:

1) Formation of the window for constructing the Load data prediction (during construction. the
last N (N = 10) working days from no more than 45 calendar days preceding the day for
which the base load schedule (target day) is built taking into account the following restrictions

The load window does not include:

« weekend days;

« days with daily consumption less than 50% of the average daily consumption over the last N
working days:

* days for which there is no data during few hours:

« any other exeptions.

Note: in the absence of the possibility of constructing a window for the Load data predicion with due
regard for the restrictions imposed. the value of the Load is assumed to be zero.

2) The selection of N working days for the construction of the Load data prediction window. each
of them will be used in the calculation.
The calculation of Load prediction is based on finding the arithmetic average consumption for
each 15 minute interval of the day included in the construction of Load data prediction; carried
out according to the following formula:

N

3

=

b :% where

b;— the value of the Load data prediction per 15 minute interval 7,

cri— the electricity consumption per 15 minute interval 7 on day d,

t— the serial number of the 15 minute interval on day d. takes values from 1 to 96,
d —the day from the set of days. takes values from 1 to N.

4

=

Adjustment of the calculated Load data prediction use a symmetric additive adjustment.
bag; +=b:+ a, where

bagy + —the value of the load per 15 minute interval ¢, taking into account the adjustment,
a— the value of adjustment.

Note: The adjustment value is determined as the arithmetic average of the difference between the total
energy consumption in working day. preceding settlement target day, determined according to the
Load data prediction for the same day:

96
Z (Cr(d—l) - bl(d))
— =l
2

a

5) Check the need for tuning restrictions, apply the restriction (if necessary). The value of the
Load data prediction taking into account the adjustment should not be less than 0.8 of the value
of the Load data prediction without adjustment and should not exceed 1.2 values of the Load
data prediction without adjustment.

TF bagi +< 0.8 x by THEN bgg; = 0.8 x by
IF bagr +> 1.2 x by THEN bagr r=1.2 % bt

Bblicwwas wkona akoHomukn, Mepmb, 2020 0

[Onpeoenenue obvema crhudicenus
nompeoneHus SHeP2ONPUHUMAOUS 20
YCmpoUucmea ¢ UCNONb308aHUEM 2pahuKa
0a30601 Ha2py3Ku U NOPsOOK NOCMPOEHUs
maxkoeo epaguxal

[ Ilocmanosnenue Ilpasumenvcmea P® om 20
mapma 2019 2. Ne 287 “O enecenuu uzmenenuu
8 Hekomopuwle akmul lIpasumenvcmea
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MAaxHce CO8EPUIEHCMBOBAHUS MEXAHUIMA
YEHO3ABUCUMO20 CHUIICEHUs NOmpeOieHus
INEKMPUYECKOU dHEPSUU U OKAZAHUS YCAYe NO
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Moaenb 2. bazoBaa AMHUA

HALUMOHANEH R W
yraen:

E_load + Forecast +

13K 2016-10-23 13:30:00

— Load:

o - WL LM L
101 10/4 1077 10/10 10113
— Load = Forecasting Ndays

Load forecast RMSE

100 L r ‘

non

0
01 104 107 10/10 1013 10/16 1019 10/22 10/25

== Load Feature Extraction RMSE

E_load + Forecast v

2016-10-2215:30:00

— Forecasting Ndays

800

600

wh

200

0
00:00 0200 04:00 06:00 0800 10:00 12:00 1400 16:00 18:00

= Load == Forecasting Naays
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Load forecast RMSE »

E_load + Forecast .

|

Load CLD RMSE
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108
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133
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|

|
} j ] Load FE RMSE
| A { 103

H'ﬂi lb y

Load SARIMA

116

2017-02-03 18:45:00
794
218
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Moaenb 3. TponHoe

dKCNMNoHEeHUUNA/TIbHOE Cl/laxknBaHUNE

The basic equation for the method 1s given by:

yv,=L_,+P_+S, . ,where

L — level component given by: L=a(-S )+(l-a) (L, +P))
P — trend component given by: P=p-(L-L_)+(1-p5)-P_
S — season component given by: S.=y-(y, - L)+t1-y)-S._;

f — moment mn time

¥, — predicted value of Load in moment ¢

v, —real (measured) value of Load mn moment ¢

T — time series period

a — data smoothing factor

[ —trend smoothing factor

¥ — seasonal change smoothing factor

[Maciej Szmit, Anna Szmit, Sfawomir Adamus, Sebastian BugaZa. Implementation of Brutlag's

algorithm in Anomaly Detection 3.0. Proceedings of the Federated Conference on Computer
Science and Information Systems 2012. pp. 685-691]
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2% | Moaens 3. TponHoe

dKCNMNoHEeHUUNA/TIbHOE Cl/laxknBaHUNE
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Mopaenb 4. Ce30HHaA UHTerpuposBaHHaa moae b

aBToperpeccuun — ckonb3fauwero cpegHero (SARIMA)

SARIMA (p, d, g)(P, D, Q) :
HL)O(L)1-L) 1-L°)°y, =0(L)O(L)s;  d(L)y, =(1-D,L' - D, L2 —..—D, L")y,
O(L)e; = (1+0,L' +O,L° +..+ Oy L°)¢,

p: Trend autoregression order P: Seasonal autoregressive order (with coefficients @, ..., ®P)
d: Trend difference order D: Seasonal difference order based on S seasonal periods
g: Trend moving average order Q: Seasonal moving average order (with coefficients @, ..., ©Q)

S: The number of time steps for a single seasonal period

Autocorrelation

HHHHHHWW"M I w_.,ﬂrﬂIHHHHWWHHH”HIHM_%
o . Hﬂli | mulmmum

®  Partial Autocorfblation 00

5 &
g 8 g

Trend
& B 88 8
8 8 8 8 8 8
Lo
e = 2 2 o o 5 © o =
& 5 = n 8 R B 8 8B B

I'T a - pacrantet,tltter tolte Tt ae tatte  too I 9, . asogiieh
R P i e o A A e ettty

1] 1% 3 30 ' 06 13 20 o 20 Ll &0 a0 100
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Mopaenb 4. Ce30HHaA UHTerpuposBaHHaa moae b

aBToperpeccuun — ckonb3fauwero cpegHero (SARIMA)

Algorithm for SARIMA (1,1,1)(1,1,1)96 forecasting can be shown by:

1. y=1]v1, y2, ... vi] — load energy data

2. First differencing corresponding to time series shifting J can be written:
Yi=Yi— Vi

3. Second differencing corresponding to seasonal shifting D can be written:
Y=y =Vies=i=Yi1)=Vios = Vios1)

4. The residuals can be calculated in the end of day by:
&=V ==V~ DV s + AP Y o5 — 081 018, 05— 09,8, 06,

This equation takes the following form:

PLYDL®)y] = gy + O(LYO(L)s,

(1- ¢1L1 1- qle% )V, =g +(1+ 6’1‘[}L 1+ ®1L96 )E;

(I-¢L —D L +¢® L)y =g +(1+6,L' +0,L° +0,0,LM)s,
Vimo Vi —DOyies + APy s =Py +8 + 08, +O,8, 45 + 00,8, o6

. Coefficients ¢,,9,,D,,0,,0, should be calculated in this way that the sum of the squares of the
residuals (SSE) will be minimized
6. The estimated coefficients can be used for forecasting:
V'=0 Y Py s — $ DY asy +OE L +O 8 46 + 0,08, 5,
7. The predicted values can be calculated:
Vi=V Y+ Vios — Vios

[https://towardsdatascience.com/time-series-in-python-part-2-dealing-with-seasonal-data-397a65b74051]
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Mogaenb 4. Ce30HHaA UHTEerpmpoBaHHaA moaenb

= | aBToperpeccun — ckonb3awero cpegHero (SARIMA)

E_load + Forecast

E_load + Forecast

i M fl |
i Lu }'A f' ) J"U' | J‘

wh
9 . P =
—
Wh
3 5 °
g = =

| “th ' ‘ ”
lr v \J’L rAL r‘Jl (‘L r{ . m UL ; 'N | AL I}..

LAl 250
101 10/ 1017 1010 1013 10116 1019 10/22 10725 10128 10/30
= L0ad = Forecasting SARIMA
0
1716 121 12/16 11 1716 21 215 31 3/16 an 4116 51
Load forecast RMSE
00 = Load == Forecasting SARIMA
300 Load forecast RMSE
< 0 ‘ = I ‘ ‘ ] 300
1 200
L L ‘ [ B
100 L [ — (— s - 2 100
B 0
101 10/4 1077 10/10 10113 10116 1019 10122 10725 10128 10/30 e 121 2ne m 116 1 215 s /16 o 4ne o
= data.E_load_forecast_SARIMA3_RMSE_Wn = Load CLDRMSE == Load SARIMA RMSE
E_load + Forecast
1.5K
E_load + Forecast ~
13K
Lok 2016-10-22 18:15:00
~Load: 810
Forecasting SARIMA: 139 1.0K
800 < 750
=
500
600
=
B 250
100 o L v L ARV 7 S
2/10000 211200 2/200:00 221200 230000 2/31200 2/40000 2/41200 2/50000 2/51200 2/600:00 2/61200 2/700:00 271200
— Load == Forecasting SARIMA
200 [ Load forecast RMSE
LTl
L 200
150 ,—/—\—j
s . -
~ —
. = 100
00:00 0200 0400 06:00 08:00 10:00 12:00 1400 1600 1800 2000 2200 50
2/10000  2/11200 220000 221200 /30000 /31200 240000 2/41200 /50000 2/51200 2/600:00 /61200 270000 271200
— Load — Forecasting SARIMA
— Load CLDRMSE == Load SARIMA RMSE
biCLUaA a SKOHOMUKN I'Iepr
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Mopaenb 5. KombunHaumna aBToperpeccmm u

YCTONYNBOU MOOENN

This model describes dependentses of the variable with one or more lagged values of itself.
AR(p) model can be define by formula:
~ Yioan Tt Vicwaw 1 &

P
Vi=WY T W, , TWy = Z W Vi ™Wpa _Zyr—f-’w
m =1 m -

A combination of 4 variables 1s used: 3 of them are the previous data values of the Load time series,
and 4-th 1s the average of the three previous the same week position day values:

i Vi ] +y —14] +y —21] 2 1 2
Ve SEWYV g WY, T Wiy, s tw, == r:l;v 2 =Zwiyf—i w, gzyf—ﬂf\f
i=1 i=1
This model uses the Recursive Least B —u
Squares (RLS) method for the : =
optimization the weights: 4

Ali H Sayed and Thomas Kailath. Recursive -
least-squares adaptive filters. The Digital -
Signal Processing Handbook, pages 21-1, -

1998.

) 20000 20000 0000 80000 100000 120000 140000
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Mopaenb 5. KombunHaumna aBToperpeccmm u

YCTONYNBOU MOOENN

E_load + Forecast -

15K
13K
2016-10-22 15:00:00
= Load: 875
10K = Forecasting AR&RLS: 500
(i1
= 750
=
500 H » q
|
| |
250 I ol | (| . \
i Lot &R i !
L | L i M 1 ] f | L F
0 ’ _ ] o | - b - b L el B | - !
1041 10/4 10/16 10/19 10/22 10/25 10/28 10/30
== load == Forecasting ARZRLS
Load forecast RMSE
150 ‘
100 ' | ' ‘ |
g ‘ '
50
| - |
0
10/1 10/4 10/7 10/10 1013 10/16 10119 10/22 10425 10/28 10/30

== Load Feature Extraction RMSE
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fa Mogenb 6. JInHenHasa perpeccms Ha

k\J
s | UI3BJIEHEHHDBIX MPU3HAKAX

1:rs(4)— 1‘611ing sum in a hour window (four 15-min inretval) for previouse day devided by 4
LOAD datal[l,j,i] = copy_from data.rolling(4).sum() [EL][]j]/4

2:d— bussines day or weekend, d € [0, 1]
LOAD data[2,],1] = copy from data.index.weekday.isin([5,6]) [J]1*1

3: Lh — total Load in one hour 1200 1000
if (j%4==0):
temp sum = (LOAD data[0,j,i] + LOAD data[0,j+1,i] + LOAD data[0,j+2,i] 1000 800
+ LOAD datal[0,j+3,1])/4 a0
LOAD_data[3,3j,1i] = temp_sum 600
600
4: Ld — part of the Load in Mean LOAD for this day 00 400
for j in range (N):
sum_LOAD = sum LOAD + LOAD datal[0,7j,i] 200 200
sum LOAD=sum LOAD/N
DO o ol | : 0
LOAD dataf[4,],1] LOAD data[0,3,1] /sumﬁLOAD 3 » > P P 7 » S P P
. . . One week before (d-7 One day before (d-1
5: DLh — difference in hour LOAD that detects changes in LOAD @7 Y @
LOAD data[5,3j,i] = LOAD data[3,3j,i] - LOAD data[3,]j-4,1]
1200
6: LC — low consumption detection, if Load less than 20% of Mean LOAD 1000 1000
if (LOAD data[0,j,i]>(sum LOAD*0.2)): 800 800
LOAD_datal[é,j,i] = 1 600
else: 600
LOAD datal[6,j,i] = 0 w0
B 200 \ 400
7: PC — peak consumption detection, if Load more than 150% of Mean LOAD 0 M= =g Ay 200
if (LOAD data[0,j,i]> (sum LOAD*1.5)): -200 J‘_Eb/—\:[[‘r’
LOAD data[7,3,i] = 1 : : : : . °L . . v :
else: B 0 20 0 60 80 0 20 40 60 80
LOAD_datal([7,j,1i] = 0 Features for the load forecasting for a day - d Measured load in a day - d
This features and LOAD are used for prediction with the differerent weights: Weights were adopted by RLS method.
Wo Wi W2 W3 Wy Ws We W7 Ws Wo W10 Wi1 Wi2 W13 Wi4
Day LOAD rs(4) d Lh Ld DLh LC PC - - o - - o - - « - ~ - © o
Target X - - Wi - - - - - 2 A ® o & 3 = A X g = (S & & Z
SIS |E|E (3|2 |2 |8 |8 |2 |8 |5 |5 |8 |2
X-1 Wo W2 - Ws W7 Wo Wil W13 S |2 |12 18 |8 |& |8 |3 |& | = |3 |2 |= |« |3
X-7 w1 W3 - W W W10 W12 Wi4 S D R A A A R e e
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Mogaenb 6. JInHenHaa perpeccunsa Ha

N3B/1€4EHHbIX MPU3HAKAX

100 - ‘

= weight_0

weight 1

— weight_2

075 — weight_3
NANAN fo i, et

o I = weight_5

i WWM weight &

= — weight_7

weight_8

Modrwnm i weight 9

0.25 4 MM weight_11

s Qﬁ% — weight_12

Ty, — weight 13

L W AR A vt AP «u._"\f;ﬁ-;-q.M# A — weight_14
NS = :

0.00 1 7-_-—--‘!. M Py, == T
]| MMAwMMhP Ty o
1_.".'“."_.!:? Fﬂﬁm

—0.25 -

f

—0.50 - i

0 0000 40000 £0000 ADO0D 100000 120000 140000

2000



fg\\ Mogenb 6. JInHenHasa perpeccms Ha

== | N3BNeYEHHbIX NPU3HaKaX

15K
13K
1.0K ‘
< 750 ‘
=
500 l | ‘
| b

Ltk ihda
“Q.’J UJHJ k”“’*kjmwﬂl H.)hl W)

“v“,f' AT LA

M

M = M

‘ ‘ Load forecast RMSE

10:00 12:00

Bblicwwas wkona akoHomukn, Mepmb, 2020 25/41
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#3% | Moaenb 7. HenvHeHasa perpeccma Ha

A
< o
2 £y
% £
Jg.n’
OHANEHER WCCNERDBATENLCHAR
VIMBERCHTET

HALNO!

N3B/1€4EHHbIX MPU3HAKAX

>
Feature;s
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Moaenb 7. HeanHenHaa perpeccma Ha

N3B/1€4EHHbIX MPU3HAKAX

Tteration / Day |0 [1 [2 [3 [4 [5 7 |8 9 [10 111213
1
2 R
3 —>
4 —
5 —T>
6 — T
'_j' — >
Name RMSE RMSE o 2
from 10-05-2016 to 01-07-2016 from 10-05-2016 to 01-07-2016 =S
without with without with Forecasting is exist for this day
normalization normalization normalization normalization These days are used for a training
10 222-230 290 - -
20 219-220 289 - -
40 220-222 259 - -
60 218-220 232 150 -
80 221-225 220 - -
100 220-225 225 - -
120 225-230 219 - 146
140 225-230 221 - -
160 230-240 220 - -
200 230-240 221 - -
300 =300 221 - -
400 =300 227 - -

Bblicwwas wkona akoHomukn, Mepmb, 2020 0
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fB\\ Moaenb 7. HennHenHas perpeccmsa Ha

/ N3B/1€4EHHbIX MPU3HAKAX

il

”1 |

1

p

l ! Lt \ J L \1| |H | W
il L ottt

oooooooooooooooo
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Mogenb 8. KombnHmnpoBaHHas mogenb

A A1l A D A3 A4 ~5 ~ 6
Yi =W Y W, ¥ +Wo Y +W, Y +Wo Y +We Y,

mwﬁﬂ W

of de

0 10000 20000 30000 40000 50000

2o



50000

40000

10000 20000 30000

50000

40000

10000 20000 30000

g0 Copy last N days (N = 10)

ve SPR model based on feature extraction with RLS Yi
Al 1
4 SPR model based on feature extraction with 4 SPR model based on feature extraction with RLS
MLP .y - (154,11 3 @ regressor
30/41

Bbicwas wkona akoHomuku, MNepmb, 2020



Mogenb 9. KombrnHmupoBaHHas mogenn ¢

HEeJIMHEUHOW perpeccunen

The next data are used as the training set:

- load as source vectors [N]

- input matrix [dy*N-1:(d+1)*N-1, 7] — predictions from other models (CLD, Nday, HW, SARIMA, PAR, SPR,
SPR&MLP) for the load forecasting in a day —d

- targets for input matrix [dy*N-1:(d+1)*N-1] - Measured load in a day - d

15K 2016-10-22 15:30:00
= | oad: 1.095 K
CMEMLP: 549

500

250 4|_,_l7 ’J’ r‘
— |
e —— =
00:00 02:00 04:00 06:00 08:00 10:00 12:00 14:00 16:00 18:00 20:00 22:00
- Loa CMEMLP

3100



k/J Mogenb 10. HansHbIN BbI6Op moaenu

Jl1s1 IporHo3a Ha CleayoNui IeHb BbIOMpaeTcs Bcerna Mojielib ¢ HaumeHnbimuM RSME B
NpEeabIAY AN NJEHb

T Coping previous 3 days
_ Copy last N days (N = 10)

Holt Winters (slen = 96)

_ (calculations are not finished) SARIMA (1,1,1)(1,1,1)4
_ PAR - persistent and AR model with RLS

SPR model based on feature extraction with RLS
“ SPR model based on feature extraction with MLPy _ 454 1; as a regressior

A combine model (CM) with linear regression
I combine model (CM) with nonlinear regression by MLP

Model Number

3000



/B\\ Mogens 11. Bbibop moaenm c

< o
2 <
&) £
Ba.nt
HAUMOKANEH R WCCNEROSATENLCHAA
oot

MCNONb30BaHNEM HEMPOHHOM CETU

[0,1] Modeli)

RSB ——( RSN 4 [0.1] Modelu

RMSEg4.1) [0,1] Modelsgg)

The day d has only one model, that gives the less RMSE. For example, model 4 can be written by
vector [0 00 10000].

U | | Sl

3300



Moaenb 12. Bbibop moaenm ¢ HaMMeHbLLEN

OLWMOKoM Ha nepuoge B N agHeN

0 1 2 3 4 5 6 7 0 1 2 3 4 5 6 7
56 152.873 218.063 174.485 178.39 199.428 243,386 262.275 212.613 155 E e E B E B = @
57 191.878 271.721 209.786 198.568 173.302 179.529 184.711 226.1085 136 @ @ 1 @ @ @ e @
58 124,537 170.962 134.991 137.473 277.826 221.587 179.587 208.853 157 @ 2 @ 2 e 2 @ 1
59 161.364 143.574 154.179 196.346 124.543 197.862 158.997 157.928 158 a @ 1 @ a il @ il
60 155.23 213.42 163.363 156.873 225.632 181.686 199.641 208.204 159 @ 2 L] ] 1 2] @ 2]
61 194.463 198.578 171.968 212.478 241.447 228.584 185.286 226.184 160 [ [} 1 [} [} [} o [}
62 188.487 186.09 163.407 160.878 181.467 184.598 194.26 180.119 161 [} [} [} [} [} [} o 1
63 160.004 160.511 167.007 133.809 163.32 156.316 148.847 144.117 162 [} 2 8 2 ) 8 [ 1
64 298.857 119.341 142.733 199.839 256.856 259.506 225.982 129.851 183 @ 2 @ @ @ @ 1 @
65 136.351 115.12 135.369 135.837 134.38 162.112 133.548 143.418 164 e 2 8 2 1 8 @ 2
66 240.41 252.948 216.85 274.311 257.465 229.87 306.296 228.962 165 8 1 ° ° ° 2 ° 2
67 207.757 213.545 191.815 269.359 284,712 267.742 228.508 222.614 166 ° - B - B T - o
lga  142.144 124183 112.A8R  137.@R4  1SA.247  157.241  139.55  1?21.AA2

Model Number

w
I
«

¥

I

0OJ1a 3KOHOMMUK

Mepwmb,

| 34/41



HALUMOHANEH R W
yraen:

E_load + Forecast « Total Load Wh

3846629

1 CLD RMSE
149
2 Ndays RMSE

137

Load forecast RMSE 3 HW RMSE

fnl i 142
Load SARIMA RMSE +

177

4 PAR RMSE

138

== CLD RMSE Ndays RMSE HWRMSE == PAR RM w= SPRRMSE == SPREMLP RMSE == CMEAR RMSE == CMEMLP RMSE == NCRMSE w= MLPCRMSE == NdaysC RM:

Model Number 5 SPRRMSE ~
127
6 SPR & MLP RMSE
2 135

0 7 CM LR RSME

= Ndays Selection Models 125
Naive Model Selection MLP Model Selection Ndays Model Selection 8 CM & MLP RSME
= Model 1 33 — Model2 21
Model 2
Model 3
~ Model 4

6 Modei 3 67 "
3 Model 5 7

- Model & 3

w= Model 7

== Model 5
' = Model8
— Modei8 29

127
Naive Selection RMSE

126

MLP Selection RMSE
134
NDays Selection RMSE

129

biCLLIadA

a aKoHomuku, MNepmb
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wng | OueHka mogenen Ha peasibHbIX JaHHbIX

I T T T T
22-10-2016 17-10-2016.. 01-10-2016.. 16-10-2016.. 01-10-2016 ..
23-10-2016 31-10-2016 15-04-2017 30-09-2017

CLD 153 163 189 121 149
153 188 205 118 139
m 276 203 284 121 142
m 211 141 163 126 135
m 174 121 159 111 137
m 220 138 154 105 127
165 160 165 117 131
210 127 150 104 124
152 138 155 106 127
277 134 161 108 126

3600



2 | Ouenka mogeneit Ha peanbHbIX faHHbIX

HAUMOHANEH) c

E_load + Forecast Total Load Wh
1.0K
Load CLD RMSE
n
163
800
Load Ndays RMSE
172
600 } !
f Load HW RMSE
£ |
il 203
400 ‘ | | Load SARIMA RMSE
i JI ] N/A
L y I‘
200 'l' Load PAR RMSE
| 121
j
o e, | S Load SPR RMSE
101170000  10/1712:00  10/1800:00  10/181200  10/1900:00  10/191200  10/200000  10/2012:00  10/210000  10/2112:00  10/220000  10/221200  10/2300:00  10/2312:00
== Load CLD == NOays == HW = PAR == SPR w= Forecasting SPREMLP wm CMEAR == CMEMLP 138
2016-10-17 04:15:00
Load forecast RMSE « SPR & MLP RMSE
= CLD RMSE: 179
400 Ndays RMSE: 170
. HW RMSE: 236 163
MM —g4— —PARRMSE 82
}— = SPRRMSE: 235 CM AR RSME
£ W0 _@— _cPRAMLPRMSE: 284 i _ i e
= CM&AR RMSE: 190 | —_— 127
100 : T |
== =CMEMLPRMSE. 191 — f
0 : CM & MLP RSME
10/170000 10171200 10180000  10/1812:00  10/190000  10/191200  10/200000  10/2012:00  10/210000  10/211200  10/220000  10/221200  10/230000  10/2312:00
w= CLD RMSE == Ndays RMSE == HW RMSE == PAR RMSE == SPRRMSE wm SPREMLP RMSE == CM&AR RMSE = CM&MLP RMSE 139
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< ol
2 £
Crs—3a
Ig.n’

HAUMOKANEH R WCCNER
yrnene

OueHKa moaesnien Ha peanbHbIX AaHHbIX

E_load + Forecast «

2016-10-23 15:45:00
1.2K ‘ = Load: 11
CLD: 416
| Ndays: 742
| - HW 138
10K ; ﬂ = PAR: 369
, | SPR: 582
= SPR&EMLP: 761
| = CM&AR: 511
800 ‘ ‘ l 5 ’ —CMBMLP: 690
‘ \
= | | |u ‘ |
£ 1 1 | |
g0 ‘ h| ‘ T 1 \' v
‘ \ l “' ” ! { ‘ ‘ ; l I |
I ) Il | [ | { { |
| | | {
TN | | | 1
400 \ I I | f || ; { | i 1 “ | | | l
| | | \ ! \
| | ‘ ‘, b | ‘ - | | L ‘ | ' ’
‘ L 0 N | oo o ' \
1 d ‘ ] ‘ N A | } fil (WH M ,, ‘ |
200 { ]‘I | If | I i~ | . ]‘ ) iy f
| * i At ‘ L M | . o |
: ‘ ]P il Wl i n R ! ‘ | 1 A ’ I W / i | [ ‘l 4! J ' : i | it
(! (18 t ] ‘J ] | P |\ 1| » J'l Ii L A 1 l p ) ' f L |,
4 108 1% B i | A ! : A S |“ I Sl b I
o & !‘!‘ L\ \‘m’. l u:. urs L‘ [ -’f.‘.‘ [ L L&A 4 "n A2 (2 M= L AT LS \Il [ ,m'_.. et (B Racid q'».’ & l
10/1 10/3 10/5 10/7 10/9 10/11 10/13 10/15 10117 10/19 10/21 10/23 10/25 10/27 10/29 10/30
== 1030 == CLD == Ndays = HW wm PAR w= SPR == SPREMLP == CM&AR == CM&MLP
Load forecast RMSE
50
400
300 : =
= ; |
= 200 | 1 = i . - —
T _[—_— i { ][— 3 | r [
100 — | I { ] — . ; = L ! E‘
S — —— —J
0
10/1 10/3 10/5 1077 10/9 10/1 10/13 10/15 10/17 10/19 10/21 10/23 10/25 10/27 10/29 10/30
wm CLD RMSE = Ndays RMSE = HW RMSE s PARRMSE = SPRRMSE s SPREMLP RMSE  wm CM&AR RMSE e CM&MLP RMSE

Bbicwas wkona akoHomuku, MNepmb, 2020

Total Load Wh
310571
Load CLD RMSE
189
Load Ndays RMSE
195
Load HW RMSE
192
Load SARIMA RMSE
N/A
Load PAR RMSE
159
Load SPR RMSE
156
SPR & MLP RMSE
169
CM AR RSME
150
CM & MLP RSME

156
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OueHKa moaesnien Ha peanbHbIX AaHHbIX

E_load + Forecast « Total Load Wh
2016-12-12 14:15:00 3846629
12K 1 - Load: 34
’ CLD: 358 Load CLD RMSE

- HW: 187 149

— PAR:

SPR: 86
—SPREMLP: 64 ,
= CM&AR: 146 | | i [ f
—CMEMLP: 70 fl {fthd! ‘ 137

} Ndays: 162

Load Ndays RMSE

800

Load HW RMSE

Wh

600

142
Load SARIMA RMSE
400
N/A
Load PAR RMSE
200
138
0 ! Load SPR RMSE
10/1 11 12/1 171 21 3 4 5/ 6/1 mn 8 9/1
w= 1080 w= CLD = Ndays ws= HW wm PAR w= SPR == SPREMLP w= CMZAR == CM&MLP 127
Load forecast RMSE SPR & MLP RMSE
1.0K
135
750
CM AR RSME
= 500
250 ’ i . - 124
i Hd ” ’ ! Y 1 h I i w'.! LU i "'r_’ ]
A Rl | | | U i e u ari G
0 J REREL] by syl | 1 ! b : CM & MLP RSME
10/1 11 12/1 ” 21 31 4n 5/1 6/1 7
w= CLD RMSE w= Ndays RMSE == HW RMSE == PARRMSE == SPRRMSE == SPRE&MLP RMSE == CM&ARRMSE == CM&MLP RMSE 127
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| Pe3ynbrathl

ITpoBeneHa ycTaHOBKA M HACTpo¥Ka cpeabl Python, 6a3el maHHbIX BpeMeHHBIX psiioB INfluxDB
u BeO-cepBepa Grafana

Peann3oBaH aHaIn3 MOJIEIN XpaHEHUs JJAaHHBIX B CSV ¢aiinax 6osee 100 pa3auyHbIX 0ObEKTOB.
[IpousBeaeH UMIOPT peaIbHbIX IHEPTETUUECKUX JIAHHBIX 0ObEKTOB

PeanuzoBaHa Mojieis sHEprodananca U AUCKPETHBIM aBTOMAT JIsl yIIPaBJIEHUsSI HHBEPTOPOM

Peann3oBaHbl KpaTKOCPOUHBIE MOJEIEHU TPOrHO3UPOBAHUS AIEKTPUUECKON HATPY3KH 3MaHUN
st DA (Ha cyTku Bniepen) pbIHKa yrpasieHus crpocoM. [IpoBeaeHa onenka Mmojesnei

IToarorosnena myonukamus i 21-ro BcemupHOro KoHrpecca mno aBToMaTu4eCcKomMy
ynpasnenuto |[FAC 2020 B bepiune, ['epmanust

i wnons siorownu Nepue, 2019 40/41



HALMOHANbLHBIR WCCNENOBATENLCKUR
YHWBEPCUTET
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