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Energy Informatics at OFFIS

Energy research in Oldenburg
> since the 80s “regenerative” (Luther, Schellnhuber, Appelrath,...)
> since OFFIS was founded in 1991 also “Energy Informatics” (El)
El milestones of OFFIS (and Uni-Informatik), e.g.
1995: First wind power information system in Germany
2003: Early “decentralized energy management systems”
2008: with eTelligence at E-Energy

2010: First Energy Informatics Professorship in Germany

vV V V V V

2017: SINTEG project partner (Designetz and Enera)
Current state

> Largest El team in D/EU (> 100 employees)

> Federal, EU, contract projects e.g. with EWE, Innogy, TenneT, E.ON, Siemens, BTC,
ABB, Alcatel Lucent, FhG-Instituten, KIT, AIT/ Wien, KTH/ Stockholm, DTU/ Risg

Kopernikus-Projekte 4 | Gndesministorum Schaufenster intelligente Energie  ## | o ehat
fiir die Energiewende ndForsenna Digitale Agenda fiir die Energiewende" (SINTEG) o e

!/pPYRATE TRANSENSE
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I Central research questions in the division EXA  OFFEIS

How can the digitization of the energy system transformation be made safe and
secure?

How can the systemic characteristics of digitised energy systems be modelled,
simulated and tested?

How can digitised energy systems be efficiently designed, operated and optimised
in the field of conflicting objectives and dynamic constraints?
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i Al Research at OFFIS: Power Systems Intelligence

Resilient, De-Carbonized Power Grids through Artificial Intelligence

Concept

Drift

30.05.2021
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eXplainable Anticipatory
Al Design

Data Integration and Processing Layer
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I % whoami Lﬁ“ OFFIS

Eric MSP Veith

Computer Scientist

> University of Appl Sciences Worms (Diploma 2010)
(NFS Integration in High-Availablity Storage Cluster)

> Freiberg University of Mining and Technology (PhD 2017)
Universal Smart Grid Agent
R&D Group Manager at OFFIS, Oldenburg
Power Systems Intelligence
> Al in Critical Infrastructures

> Adversarial Resilience Learning

> Deep Reinforcement Learning, Continual Learning,
eXplainable Reinforcement Learning
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A Not So Long Time Ago...

...A Power Grid Near, Near-By.

Coal Power Plant Grid Management

500-1000 MW (= 40%)
50-360 Min. to sync.
10-50 MW/Min.

Transmission
System Operators

Nuclear Power Plant

600-1500 MW (= 50%)
90-1050 min. to sync.

30-75 MW/Min.

Gas & Heat
80-845 MW (= 40%)
40-160 Min. to sync.

Distribution System
Operators

5-60 MW/Min.
High Voltage (110 kV)
DSO/Regional
Operators
o 00 0 O
0 0 00
. (I
Medium Voltage (10 kV, 20 kV)
Load Profiles
— GO0-G7
é LO-L2
HO
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The power grid:
A Hierarchy.

TSOs always needed
current data.

DSOs never before.

These times are long
since over...



Toppling the Hierarchy

Others:
1,19 TWh
0,6%

|

Fossil Gas: —
25,57 TWh
13,1%

Fossil Oil:
0,53 TWh
0,3%

Fossil Hard Coal:
16,64 TWh
8,5%

Fossil Brown Coal:
35,22 TWh
18,0%

~

Nuclear:
24,44 TWh
12,5%

@ Hydro Power @ Biomass @ Wind

@ Fossil Brown Coal @ Fossil Hard Coal @ Fossil Oil

I The Rise of the Renewables

Hydro Power:
8,03 TWh
4,1%

Solar
© Fossil Gas

Biomass:
17,06 TWh
8,7%

o Wind:
49,79 TWh
25,5%

Non-Renewable: ~
103,58 TWh
53,0%

Solar:
17,03 TWh
8,7%

@ Nuclear
@ Others

47% from Renewables in 2021 (Germany)
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Renewable:
91,91 TWh
47,0%
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I A H|erarchy No More £S5 OFFIS
Typical Load Flow at a 110-20kV Transformer

ISublstatlion I1 1de lI'raflo I
20 Bare Hill Windfarm ———

Real Power [MW)]

-30 L—— '

12:00 16:00 20:00 00:00

00:00 04:00 08:00

Mostly feed-back!
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20 kV

Network Transparency
I Or: Why It Is Important to Know the State of the Grid

GSM
<9.6 kBitls «f

umTS
<10 MBit/s

DSL equiv.
<16 MBit/s

White Hill Springs

| Blackwater Port | [ Fi e__s F:_nd_-" I |
| - | | I —
|£\)_ O-¢ Q}l\igg]

30.05.2021

!
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<5KkBit's ‘f L [

Substation 110 kV - 20 kV
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Grid state must be known.
> Bi-directional feed-in
> Atypical usage patterns

> Wish to use infrastructure more
efficiently

> Implementation of regional energy
markets

Deploy more sensors?
> |CT often a problem
> Costs of installation & data processing

Solution? Make edulcated guesses.
> Called State Estimation

Neural State Estimation | InfoSys 2021 9



i State Estimation

Estimating the State of the Grid from Measurements

Grid Topology Grid Parameters

mea State Estimator >

Measure- State
ments

o :

r — J—
zn _ 1 ..............................
Redundancy Factor
r=1.m=2n

30.05.2021
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1. Topology
> Initial design
> State of switches, breakers, etc.

2. Parameters
> Position of tap changers
> Shunt capacitors

3. Gathering Measurements
> Voltage, Angles

4, Estimate State

> Weighted least squares to elminiate
bad data and estimate state

10
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I Pseqdo Measurements B OFFIS
Replacing Unknown Values

o i S VST A grid has usually only “islands of observability.”

| |
LPWAN | O '
<5 KBit/s ‘ﬂ< .

GSM
< 9.6 kBit/s

> Important grid connectors (transformers)

> Major consumers/feed-in

UMTS
<10 MBit/s

Missing values substituted with Pseudo Measurements

DSL equiv.
< 16 MBit/s

> E.g., switch closed, but impedance unknown: O

> Inferring voltages from current flow at branch
interconnection
| P Vi + (P k cos 0y, — Qpk sin 04, Vi) = 0
s OO QumVin, + (Byk sin 0 — Quk sin 0y, Vy) = 0
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i Speed and Ill-Conditioning "ﬁ“ 0|=|==s

How to Optimize State Estimation

State Estimation is iterative at heart:

> G(xY)AxY = H' (xV)R™ r(x)
xVtl = xV + AxY

> G: Gain Matrix; H: Hessian

> Elements of H are functions of (8, V), vary by each iteration

State Estimation is compute-intensive but can be optimized:

> Normalize by voltage (i.e., P = — Q —> =, ...), then H = const
: s
> Obtain H,y from asset data and set bkm == similar for Hpg
km
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i Optimization can be the Root of Evil A OFFIS

. . FASSAN
Not Quite Premature, but Still...

s A necessary optimization to speed up convergence
We should forget

about small
efficiencies, say
about 97% of the
time: premature
optimization is

the root of all evil 7

> Assume a specific relation of impedance to
resistance (X/R)

> Fix H, approximate as if DC
> ... works very well for transmission grids!

— Donald Knuth

The optimization doesn’t hold for DG anymore.

> DSOs employing SE unexpected even in the early 2000s aSl
> Now a necessity! (Remember power flow patterns in DGs?)

S
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Publications as Early as 1991

START

Set the initial values
I‘=0. e!=03 i=0
&e|=0, bft=0

[
[ calculate H*R-'H
|

I State Estimation Using Artificial Neural Networks

Set the initial values
r=1, Ae:=0, Af,=0
U.=0, Ae;=0, Af:=0

|
| Ca.lculat.el H, T, |

[
| Calculate H*R-'Az |
I

E Calculate A x ]

|
ICa.lculat.e A=llAX D =Ax D ]

1
% EAsée i—NB-[r':ﬂl I——

Nakagawa, Hayashi & lwamoto (!) replace
SE with Hopfield Networks in 1991.

30.05.2021

[ Calculate I, K |

S

................ R —
i Calculate AU, by (1) :

[ Calculate a by (23) |

. Calculate A X7 by (22) )

[_Calculate Elm by (20) )
| Calculate AE= || E —E ¢-99 i)

A
YES
| Put Efr=E © |

L
[ Calcula.teAE'=!liE'*E"‘|| i
] r=r+l I—Na—i AE"S 7 §

YES
[_END |
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Figure 9 : Convergence characteristic of the energy
function (a =0.11)

1004
9 me a0 e cm me e e

Figure 10 : Convergence characteristic of the result
ofel (a =0.11)
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I Why Does This Work? B OFFIS

A Shallow Introduction To... Feed-Forward Neural Networks

—

— v
0i bt > z_% — el f K >
Wn, 5 . .
: Input Activation | Output
On Function
s/

Multi-Layer Perceptrons: Universal approximators of any Borel-measurable function

SF(5) =2:f(x) =x—3; f(4) =2:f(x) = E',f(x) =2, ... -infty much
> F(x,0) = FWFMDEFEMD (- (FOU(x, )
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Why Does This Work? Pt. 2

A Shallow Introduction To... Recursive Neural Networks

Siegelmann & Sontag show 1992, that Recurrent
Neural Networks are universal approximators of

dynamic systems.

F1:
Fg:

F3:

IARIA
Ootto 2 “Ct)ok ”
00---0O 0000 0000
s states 4 “new stackl” 4 “new stack2”
...... O 'e)
==
9(s+1) top of stacks 2 “gtacks”
000 O o oo oo

s states  zero state read “stackl” read “stack2” 2 “stacks”

Here we go again

RECURSION

Here we go again
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Neural State Estimation With Deep Learning ﬁ OFFIS
I State Of The Art

ANN architecture built to optimize proximate-linear solver

> Based on Least-Absolute-Value estimator: robust, but slow
(both in contrast to Weighted Least Squares)

Normalized RMSE

—O— Gauss-Newton

> Prox-linear algorithms minimize a sequence of ~a

~—+—IRLS

—<— Deterministic

convex quadratic subproblems J

—*— Accelerated
10-20 " " L X X
1] 10 20 30 40 50 60 70
lteration

> Prox-linear algorithms still struggle with changing conditions (RES feed-in!)

> |ldea: Unroll solver iterations into DNN architecture based on phyiscal model

30.05.2021
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i Wedding Prox-Linear Algorithms and DNNs A, :

JASSSAN
Hybrid of Data-Driven and Physical Model OFFIS

Algorithm 1 Reduced-complexity prox-linear solver. =

Input: Data {(z,,, H,,)}*_,, step sizes {j1;}, 1. and initial-
ization vo =1, u?, = 0.

I: fort=0,1,...,1 do Innerloropforiizolugzrof’r
2 Evaluate WF, A;, and b¥ according to (7). }
3 Initialize u?. — 0,984 | & Growamun
4: fOl‘ k = 0, ].j ey K dO a . - Prox-linear net
5: Update u?™" using (6). 50982 __ e P
6: end for £ 0.980
7: Update v, using (5). %0'9?3 ]
8: end for B
> 0.976 1
100 102 104 106 108 110 112 114 116 118 120
ﬁ)nline Inference phase\ ﬁ)fﬂine training phasa
. Power system Simulator|| Records Wang, G., Giannakis, G. B., & Chen, J. (2019). Robust and scalable power system
?;;I'Sné" state estimation via composite optimization. IEEE Transactions on Smart Grid,
Training data ] 10(6), 6137—6147..https:{/d0|.org/lO.1109/TS§.2019.2897100
. Zhang, L., Wang, G., & Giannakis, G. B. (2019). Real-Time Power System State
| Trained| ¢ | Estimation and Forecasting via Deep Unrolled Neural Networks. IEEE
\l Prox-linear net ](‘ Prox-linear net ] |/ Transactions on Signal Processing, 67(15), 4069-4077.
~ — https://doi.org/10.1109/TSP.2019.2926023
30.05.2021
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i Isn’t There Still a Catch?

The Problem of Training

30.05.2021
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ﬁ)fﬂine training phas&

Simulatorll Records I

Online
Training data ]

PSSE
¥

ﬂ)nline Inference phase\

Power system

: | Trained|
\l Prox-linear net ](‘ @]

> An ANN still needs training (obviously).

> Prox-linear nets are still ANNs.

> Model-building (training) happens on a
given data-set.

The ANN (prox-linear net) is suitable only
for the power grid it was trained on.

21
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I Transfer Learning to the Rescue B OFFIS

Transferring Models Between Problem Domains

Source Domain Dg Target Domain Dy
o

Feature Space X T t * X7
Marginal Distribution P(X) ? t P(Xr)
Mapping FunctionF: X5 — Y, F:Xr—Yr

Y

¢ \ 4

Label Space Y : ! SR Yr
[ J [ J
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i Types of Transfer Learning A, OFFHS

JASSSAN
The Easy and the Hard Way

Homogeneous Transfer Learning
> ‘XS = XT
> Marginal propability distributions match

> Simple approach: Throw away input/output layer and retrain

Heterogeneous Transfer Learning
> XS * XT
> Different marginal propability distributions

> Specific Transfer Learning algorithm

Transfering Neural State Estimation is almost always Heterogenous Transfer
Learning.
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Project Transense

I Putting It All Together

Model and Data Hub
<P
Read Input ~———]<«——Write Input
| Write Results—s| Simulation Read Results—
Input/
Output
g T—T
g
z v v
qz: SimResultsNotifier SimRequestNotifier Traini loorith
®) Event: ResultsWritten Event: InputsWritten rainings algorithm
=
7 | ] A
Z
r::é Broadcaster
»| SimResultsListener
|\ \
SimulationRunner |« SimRequestListener

4

https://www.offis.de/en/offis/project/transense.html

30.05.2021
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Create simulation model
from real data

Train Prox-Linear Net PSSE

Interface between Training
and Simulator (SIMaaS)
ensures minimal amount of
samples

Employ & evaluate Transfer
Learning

—— A
SENSE A OFFIS

24



Validation Approach in the Project

|

00000000

Trainings- und Trainings- und
Testdaten Testdaten

SIMONA SIMONA

Training auf exakt bestimmtem, Transfer auf unterbestimmtes,
simuliertem Verteilnetz simuliertes Verteilnetz

o— |
TRAL\

Transfer auf unterbestimmtes, Transfer auf unterbestimmtes, reales

reales und bekanntes Verteilnetz

000000
EXX)

A
SENSE EEA OFF

-/

und unbekanntes Verteilnetz

O gemessener Netzknoten
Eingabeschicht

0000

o ungemessener Netzknoten

trainierte innere Schicht Ausgabeschicht

30.05.2021 Neural State Estimation | InfoSys 2021

I
IS

25



A
&= OFFIS

Neural State Estimation /

Boosting State Estimation with Neural Networks
and Transfer Learning |



