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Structure, operation and key attributes
of Future networks
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MANCHESTER

Evolving Power Network - Future

e Liberalised market

* Increased cross-boarder
bulk power transfers to
facilitate effectiveness of
market mechanisms

* [ncreased use of
lines of both, LCC and
predominantly VSC MMC
technology (in
meshed networks and as a
super grid)

 Increased presence of
static and active shunt
and series compensation

* Increased deployment of
FACTS devices in general

B40

*

56,

i

B41 BITI|| BSI

-

——
v

B9

4/35




I\-“I*‘XN(’?H]_V":I ER

B41__BITI|| BSI

G L o 1

e Large on-shore and off- - | 1-3&@
shore wind farms - B53 Bl
B8 &l@ BO

conventional renewable

generation — largely
stochastic and intermittent
(wind, PV, marine) at all
levels and of various sizes bl

* Proliferation of non- £ Bs2 B+ o
- el Al =

Probability

oo oo J oo
g888g8g¢e
N @ ® B N b

5/35



MANCHESTER

\

it

Univers

of Manchester

he

I

: Wl }

o TF
5, i L
{ i
HH——
6
o A=

Evolving Power Network - Future

o Small scale (widely  Electric vehicles (spatial

dispersed) technologies in DN and temporal uncertainty)
» Active distribution networks o Integrated “intelligent” PE
* New types of loads within devices

customer premises (PE, LED) * Integrated ICT & storage

o Bi-directional energy flow

o Different energy carriers




Communications in power systems
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Uncertainties

e There are generally two forms of uncertainty

— Aleatory uncertainty (irreducable uncertainty and variability)
represents the inherent random behaviour of a system

» Commonly modelled by probabilistic distribution functions and
propagated by probability based approaches (sampling, analytical
methods, probabilistic chaos expansion)

— Epistemic uncertainty (reducible uncertainty and state of
knowledge uncertainty) models the uncertainty in parameter
estimation due to data shortages or model simplification

» To avoid the subjective assignment of uncertainty due to data
deficiency different representation and quantification methods can be
used, e.g., Fuzzy sets, Possibility theory, Evidence theory, etc.

» Representation depends on amount and accuracy of available data. With
sufficient data it can be modelled by specific probability density
functions, otherwise uniform or normal distribution is used within
specific range
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Sources of uncertainties

Network

— topology, parameters & settings (e.g., tap settings, temperat&@nde®| 1JS)

— observability & controlability

Generation

— pattern (size, output of generators, types and
renewable, storage)

— parameters (conventional and rene

n of. @ra@rs, I.e., conventional,

storage)

LLoad (time and spatial variationd

Controls ®
— parameters of ge ﬁon ||&VRS, Governors, PSSs, PE interface), network
y vol

controllers (s § ntroller), FACTS devices and HVDC line controllers

Contra t@p W@ (consequence of different market mechanisms and price)
Fault§ ;pe, lo @ uration, frequency, distribution, impedance)
ICT relat ertainties (noise, measurement errors, time delays, loss of signals, bandwidth)

Weath Imate related uncertainties (wind speed, wind direction, temperature, solar
irradiation, tidal/wave conditions)

, loa osition (mix), models and parameters)
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Sources of “Big Data” in Power System

SCADA (Supervisory Control And Data Acquisition) systems (1-5min updates)

WAMS (Wide Area Monitoring Systems) (50-60 updates per second) (by the end of
2013 China State Grid Corporation installed 2027 PMUs at V>110kV)

Advanced metering devices, IEDs (“Intelligent/Smart” meters with some
degree of monitoring capabilities - even in low cost smart meters for
hundreds of thousands household customers)

Bi-directional communication enabled mobile (e.g. EVs) and stationary
devices (e.g. domestic appliances)

Conventional PQ monitoring and energy/power metering at load and
generation (including RES) buses (3-5sec updates)

Historical monitoring and incident/control reporting data
Customer surveys

Internet resources (related to network and generation performance,
customer behaviour and preferences, user and generation groups
/associations)

Integrated monitoring system reporting to some other hierarchical systems such
as distribution or transmission management system
10/35
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Data Analytics

| Depending on the application the data may have different characteristics:
e Multidimensional
e Multiscale
o Spatially distributed
e Time series
e Event triggered
« Faulty (sensing and/or communication problems)
e Incomplete

Analytics - discovery and communication of meaningful patterns in data.
— Analysing
»  structured information

» unstructured big data (e.g.,, video, images and content from sensors, social
and mobile devices)

—  to support continuous data load, run multiple concurrent queries,
—  deliver analytics in real-time supported by massive I/0O bandwidth.
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Data...Questions that need to be asked?

What do we want to learn from collected data and why (for what purpose)?

How will this facilitate “better” network control and operation?
Do we know what data we already have and what to do with them?
Do we already have all the data that we need?

What “additional data” do we need?

Where and how should we collect the data? Do we have a choice? Can
we collect (privacy issues) all the data that we need?

What should be the “sampling” rate and the “quality *“ of additional data?

Do we know what techniques to use to efficiently and effectively process new
(and old) data?

Have we answered any of these questions yet,
or at least have we asked them?

If not, Isn’t it the time to start doing so?
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The question therefore is

Considering evolving power system  with
Increased uncertainties and abundance of
measurement data, are the tools currently in use
for system modelling and analysis adequate, and
If not, how should we modify them, or what other
tools should we be using?
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What

Modelling and Control Challenges
this new “environment” will result in?
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Challenges - 1

« Efficient use and reliance on existing and new global monitoring
data (WAMS) for state estimation, static and dynamic equivalents
and control (including real time cont

— Efficient data management (signal Paggregation, transmission) £d ICT
network reliability are essenti h static and dynamie ity

— Optimal placement of monj evices (PMU) may Issue due
to perceived high deplw T those @

e Modelling \nents for steady &t §dynamic studies
— Large intepgnnected networks vt generation, FACTS and

short/long distance bulk pow
— Clusters of RES (genera

rs using HVDC lines
orage) of the same or different type
ork cell (DNC) with thousands of RES

— LV and MV distrib
— Demand, includin & ypes of energy efficient and PE controlled loads,
customer pa@ and behavioural patterns, EV, etc.
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Challenges - 2

| - Design of supplementary controllers based on WAMS ol

and stabilise large system (including real-time) or

(which may vary) with uncertain power transfers @ d models
and stochastically varying and intermittent PE (ég ted
generation, demand and storage — stochagti abilistic control
of systems with reduced inertia o

Design of new control systems/@ (distributed or
hierarchical, adaptive, clos time) for power networks with
fully integrated sensing, nologies and protection systems
— risk limiting control

Modelling/anakyg@ efficient and effective integration of
different eﬁ riers into self sufficient energy module/cell
® Risk Is an uncertain event or condition that, if it occurs,
has an effect on at least one objective, it is the probability

% of something happening multiplied by the resulting cost or
benefit if it does.
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Examples off current thinking
and potential solutions
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6 Examples

Dynamic equivalent models of Wind farm using probabilistic
clustering

Data mining for on-line transient stability assessment (TSA)

Modal estimation with Probabilistic Collocation Method
(PCM)

Reduction of number of uncertain parameters
Probabilistic demand response and composition forecasting

Probabilistic estimation of PQ performance of active
distribution network
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Dynamlc equwalent models of Wlnd farm
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Dynamlc equivalent models of Wind farm
O using probabilistic clustering

M.Ali, Irinel-Sorrin llie, J.V.Milanovi¢ and Gianfranco Chicco,“Wind farm model aggregation using probabilistic
clustering”, IEEE Transactions on Power Systems, Vol. 28, No 1, 2013, pp. 309-316
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O

Data mining for on-line
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transient stability assessment (TSA)

For any type and
duration of fault at any
possible location and any
system load level, the
Decision Tree predicts
the system stability
status correctly using
12 input signals from
PMUSs (rotor angles and
speeds) with over 98.5%
accuracy within 10
cycles (0.2 s) after the
clearance of the fault,
and it is close to 100%
accurate after about 1 s.
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Accuracy of Prediction (%)

Accuracy of Prediction (%)

Dta mining for on line TSA — Hierarchical

Clustering & Multiclass Classification

Accuracy of prediction of
generator grouping in case of
unstable dynamic behavior.

The aim is identify
/ amtes CART e=g= (5.0 c c
65 S characteristic patterns of
—— | o unstable dynamic behavior of
83 ‘ T T T ‘
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) .
e -— — number of groups is not

91
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87 —————" e ——— -===" Accuracy of prediction of both
——Target] = o= = Target l generator grouping and
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Data mining for on line TSA - Hierarchical
Clustering & Multiclass Classification

Tingyan Guo and J.V.Milanovi¢, “Probabilistic framework for assessing the accuracy of data mining tool for on-line
prediction of transient stability”, IEEE Transactions on Power Systems, \Vol. 29, No 1, 2014, pp. 377 — 385

Tingyan Guo and J.V.Milanovi¢, “On-line identification of power system dynamic signature using PMU
measurements and data mining”, accepted for publication in the IEEE Transactions on Power Systems, TPWRS-
00940-2014 (2/06/15)
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Modal estimation with Probabilistic
Collocation I\/Iethod (PCM)
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PCM can be used to quickly assess the Risk of Instability (Rol).

True value = 1.91%:

PCM-based value = 1.89%.
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Modal estimation with Probabilistic
Collocation Method (PCM)

R.Preece, J.V.Milanovi¢ A.M.Almutairi and O.Marjanovic, "Probabilistic evaluation of damping controller in
networks with multiple VSC-HVDC lines", IEEE Transactions on Power Systems, Vol. 28, No 1, 2013, pp. 367-376

R.Preece, N.C.Woolley and J.V.Milanovi¢, "The probabilistic collocation method for power system damping and
voltage collapse studies in the presence of uncertainties”, IEEE Transactions on Power Systems, \Vol. 28, No 3,

2013, pp. 2253-2262

R.Preece and J.V.Milanovi¢, "Tuning of a damping controller for multi-terminal VSC-HVDC grids using the
probabilistic collocation method", Special Issue of IEEE Transactions on Power Delivery: HVYDC Systems and

Technologies, Wol. 29, No 1, 2014, pp. 318-326
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Modal estimation with PCM and reduction
of uncertain parameters — large network

e e» e» | inearisation-based MC

0.6 T

3rd order PCM-based with lred

o
~

Probability Density
o
N

élcrit (%)
o Large Test System with 2 VSC HVDC lines

* Fifty-one uncertain parameters reduced to eight using ranking

Method based on eigenvalue sensitivites
o Completed iIn just 2.44% of the time required for standard

(full-simulation) technique — over forty times faster.
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Modal estimation with PCM and reduction
of uncertain parameters — large network

R.Preece, Kaijia Huang and J.V.Milanovi¢, "Probabilistic small-disturbance stability assessment of uncertain power
systems using efficient estimation methods", IEEE Transactions on Power Systems, Vol. 29, No 5, 2014, pp. 2509 -
2517

R.Preece and J.V.Milanovi¢, “Risk-based small-disturbance security assessment of power systems", |IEEE
Transactions on Power Delivery, Vol. 30, No 2, 2015, pp. 590 — 598

R.Preece and J.V.Milanovi¢, "Probabilistic risk assessment of rotor angle instability using fuzzy inference systems”,
accepted for publication in the IEEE Transactions on Power Systems, TPWRS-01355-2013 (14/8/14)

R.Preece and J.V.Milanovi¢, "Efficient estimation of the probability of small-disturbance instability of large uncertain
power systems", accepted for publication in the IEEE Transactions on Power Systems, TPWRS-00963-2014 (23/3/15)

R.Preece and J.V.Milanovi¢, "Assessing the applicability of uncertainty
Importance measures for power system studies", accepted for publication in the IEEE Transactions on Power

Systems, TPWRS-01564-2014 (22/06/15)
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Probablilistic forecasting of demand

E_@ controllability and response

Metering Data

Customer Surveys General Knowledge of Demand Composition

| [

DDLC Based on Load
Classes

Participation of Load
Categories in Different
Load Classes

Categories

Dynamic Signatures/
Responses of Different Load

Time Dependant Dynamic
Response of Aggregate
Demand

Data Processing with
Parameter Uncertainty

Data Processing with
Parameter Uncertainty

Probabilistic
DDLC

Estimation of Dynamic
Response of Aggregate
Demand at Given Time

Probabilistic Dynamic
Signatures of Different Load
Categories

Field Measurement

Lab Measurement

Computer Simulations
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Demand composition forecasting
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Forecasted demand response

a) B)
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Daily Load Curve Before and After DSM Shifting
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Forecasted demand response

[B6

Yizheng Xu and J.V. Milanovi¢, “Artificial intelligence based methodology for load disaggregation at bulk supply
point”, IEEE Transactions on Power Systems, Vol. 30, No 2, 2015, pp. 795 - 803

J.V. Milanovi¢ and Yizheng Xu, “Methodology for estimation of dynamic response of demand using limited data”,
IEEE Transactions on Power Systems, Vol. 30, No 3, 2015, pp. 1288 — 1297

Yizheng Xu and J.V. Milanovi¢, “Day-ahead Prediction and Shaping of Dynamic Response of Demand at Bulk Supply
Points ”, accepted for publication in the IEEE Transactions on Power Systems, TPWRS-00371-2015, (5/9/15)
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Probabilistic estimation of PQ performance
of active distribution network
&7

o Load profiles (industrial, commercial and domestic loads):
— Load profiles taken from a day in August 2012 in UK.
— Different load types/classes follow different loading curves.

 Variation of DG outputs:
— Wind turbines: based on practical outputs of wind turbines in UK.
— Photovoltaic: based on true data available in the network.
— Fuel cell: assumed variable daily output

e Power quality phenomena:

— Unbalance: 9 fixed unbalance loads whose power factors follow pre-set normal
distribution; twenty-one single phase connected DGs.

— Harmonic current injection: 10 fixed non-linear loads; 20 randomly selected
non-linear loads; wind turbines; photovoltaic; fuel cell — as above. The ratio of
magnitude of the Injected harmonic current to that of the fundamental
component follow pre-set normal distributions.

— Voltage Sag:s based on statistic fault rates of components in the network.
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Probabilistic estimation of PQ performance
of active distribution network

Overall Power Quiality performance
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38/35



Y
€r

The Universit
of Manchest

MANCHESTER

Probabilistic estimation of PQ performance
of active distribution network

Huilian Liao, Sami Abdelrahman, Yue Guo and J.V. Milanovi¢, “Identification of weak areas of network based on
exposure to voltage sags—~Part I: Development of sag severity index for single-event characterization”, accepted for
publication in the IEEE Transactions on Power Delivery, TPWRD-01430-2013 (5/10/14)

Huilian Liao, Sami Abdelrahman, Yue Guo and J.V. Milanovi¢, “Identification of weak areas of network based on
exposure to voltage sags — Part Il: Assessment of network performance using sag severity index”, accepted for
publication in the IEEE Transactions on Power Delivery, TPWRD-01434-2013 (5/10/14)

Huilian Liao, Zhixuan Liu, J. V. Milanovi¢, and Nick C. Woolley, “Optimisation Framework for Development of Cost-
effective Monitoring in Distribution Networks*, accepted for publication in the IET Generation, Transmission and

Distribution, GTD-2015-0757, (16/09/15)
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Summary

Future power networks need to be (will likely be) modelled and
operated by exploiting possibilities offered by state-of-the-art
WAMS, integrated ICT systems and “intelligent” PE devices and
using
— Non-deterministic & close to real time approaches for (energy)
system control and operation
— Stochastic, probabilistic and computer intelligence based
models, data handling and methodologies to
»minimise the effect of uncertainties and
»maximise the use of information contained In available data
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Key areas to watch

Data Analitics

Probabilistic modelling
Real time risk [imnitimg com(roll
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