EFFS

/7777777777777

ELECTRICITY
FLEXIBILITY AND

EFES

NIC PROJECT : | t‘ =

/}/%////!

3




WESTERN POW!Iz

DISTRIBUTION FORECASTING EVALUATION REI
EFFS DI A,
Report Title : Forecasting=valuationReport
Report Status X HANAL
Project Reference: WPD/EN/NIC/03
Date : 06 June2019

Document Control
Name Date
Prepared by: Mark Collirs, Rachael 10/05/2019
Taljaard, Pedro
Almeida
Reviewed by: Euan Davidson)van 31/05/2019
Todorovic, George
Marsh
Approved by Jennifer Woodruff 06/06/2019
Revision History
Date Issue Status
10/05/2019 Initial draft
31/05/2019 Finaldraft
06/06/2019 Final




]

WESTERN POWER=

DISTRIBUTION FORECASTING EVALUATION REI
EFFS

Gontents
LO00] 01 (=T 1 £ TP O P PP PRTRPRPPORt 3
€1 (015 1Y T ORI PP PR PPPPN 7
1. EXECULIVE SUMIMALY. . eeiieeiiiitiieeiee e e s s et e e e e e e st e e e aesssstamstaeeeeeessnstaaeeeeee s nsssamreneeeeesannrnnneeanas 8
2. 1] (oo [U Tl o] o FS PSPPSR 12
2.1. Objectives and DElVEIabIES...........c..uueiiii i rrre e e e e e s e e 13
3. FOrecasting METNOGS.........oouiiiiiii e 14
3.1.  Background tO FOIrECASTING . ......c.uutiiiutiiiiiiiit ettt eme e 14
R 700 I T W o =T o 1T Vo 7@ A= g 1] o SR 15
3.2. Investigation on Forecasting TEChNIQUES........ccoeeiiiiiiiiiiie i e e e e e 16
0 I Y =41 SRR 17
3.2.2. LONGSNOIETEIMEMEIMOIY ... uuuiiiiiiiiiiiieeeeeeeeeeeiessssessseeeeerererereteeeaeesamerereteratatataaaeaaaeaeeeeemmeeeeees 19
e T €1 210 To 1] S ST SSTR 21
3.2.4. Model EXECtiON METhOU........cooiiiiiiiei ettt e e e e e s ee e e ame e e e 21
3.2.5. Hyperparamters fOr XGBOOSL..........utiiiiiiiiiiit ettt et eme s 22
3.2.6. Hyperparamters fOr LSTIM.... ... i iiiiiiiieeieeeeeceeieeeseeeeeeeeeeeeeeeeeeeeaesamreeeeeeaeeeeaaaaaaaaaaaaaaeesamraeeeees 23
3.2.7. Hyperparameters OptimiSaAtiON..........cuuieiieiiiiiiiiee ettt ebe e 23
3.3, INVESHGAtion ON FEATUIES.......cciiiiiiieiiiii ettt ettt et enr e e e 25
4, Systemisation of Procurement & Development of Use CaSes.......cccccvvrvrvvivrimrnnnerninnninnnnnnn. 27
4.1, Use Cases and TeSt SCENALIAS ... .....uuuiiiiiiiiiiieieee e e ettt e e et ene e e e e s s sber e e e e e e s nbeeeeeameas 29
4.1.1. UCI1C GSP, Six MONthS ANEAd........eueieiiiiiiiiieeee e 30
4.1.2. UC2¢ BSP, MONth ANBAM........ccoiieeeeeieeee e e e e e e e e eaavaaaes 30
4.1.3. UC3c¢ Primary, Day AREAU...........uuuiiiiiiiiiiiiii ettt a e e 31
41.4. UCAC BSP, HOUN ANBAM........eiiiiiiiie ettt ettt snaee e 31
T T O [ O ol o 1] 11T T Y/ PO PPUPPPRPPPR: 32
4.1.6. UC6¢ Generator CustomefVind Farm.........cocceviiiiiiiiiiiiiee e evaen e 32
4.1.7. UCT7¢ Generator CustomefSolar Farm.........ccccoviiie e evame e 32
4.1.8.  UCS8g Large LOAd CUSIOMEN . ......couiiiiiiiiieiiiiiete ettt 32
5. Development of MEthOUS. .........ueviiiiieeee e 34
Co 00 N o To o g = 1T IR T= U o OSSPt 34
STV (€120 To 151\ o1 (=] o To o) 1 BISAVZ=] (o] o] 41T o PP 36
5.2.1.  Hyperparameter OptimiSAtiON...........ceiiiuiiieiiiieeiiie et eme e e 36
5.2.2.  XGBO0OSt NOEDOOK.......eeiiiiiiiiieiee e 38
5.2.3. INFIUENCE Of FEAIUIES ... ... e e 41
5.2.4. Influence of Training Dataset LeNgth............cooiiiiiiiiiie e 44
5.3, LSTM NotebOoOK DEVEIOPMENL........ciiiiiiieiiiiie ettt snite et e e ee e 46
5.3.1. Hyperparameter OptimiSAtiOn...........oocuuiiiieiiniiieiieee e rvimrineee e e eneeeee . A0
5.3.2. (S 1Y/ N[} (T o Yo Lo | SR 49
5.3.3. INFIUENCE Of FEATUIES ... . eviiiiie et e e e e e s e e e e e e e s eenes 54
5.3.4. Influence of Training Dataset Length...........c...ooiiiiiicii e 55
6. (D= 1= 0= L] T PP PUT TR 57
L I D - 1 = S0 11 ol OO PP PR PP PPPPRTUPPPPPRPR 57
27 1= Tor o Vo] oY 1= SRS PPSRR 57
L T 111 = = U o o F TP RPP ORI 57




WESTERN POWER -/\"-'A

DISTRIBUTION FORECASTING EVALUATION REI
EFFS

6.3.1.  The first instruction deals with InStalling...........cccccveeiiiiiiiiie e 57
6.3.2.  The next instruction deals with Setting up TimescaleDB...............ccccccvveevicevicvnnennn. 58
6.4. DatabasSe SCREMIA......ci it e e e et ee e e e e s st eene e e e e e e nreaeee e s 58
6.5. Instruction for database Crea@tion:...........ccoiiuiiiiiiiie i 63
N T =Y/t (o RS @ T I 1) (=T = U < TSR 66
6.6.1.  Python SQL INPUL INSIFUCLIONS.......iviiiiiiiie et eme et 66
6.7. Populating the Database...........uuuviiieiiiiiiiiee e ee e emr e e e snare e e e e s s snnree e e s e e e e e enned 67
L % S o Tox 1110 ] [ D= | = PR 67
6.7.2. YUl o3 =i (o] ¢ [ B - | - VPR 68
6.7.3. Y L] =TT o [ (o PSRRI 69
6.7.4. (o= To I OA U1 (0] 1 =T 4= T PP PP PRSPPI 69
6.7.5. LT ol = 1o O U o] 41T £ TSP PPUPPPPPRIN 69
B.7.6.  LCT BY PriMAIY .. ceeieieeiiiiiie ettt ettt ettt ettt e et e st e e e sanre e e 70
6.7.7. L RT3/ 01 SRS USUURRR 70
6.7.8. HISTOMCAl PrOfilES.....ciiiiiee ettt enr e e 70
6.7.9. RAW INPUE DALAL ...t r e e e e s e e e 71
6.8. Populating Metadata for Location and Substation Data..............ceeevvevviiiimiieeeeeieeeieieieeeeeenn. 71
6.9. Updating Substations for timeseries data.............ccoooeviiiiiiiiiie e 71
6.10. Forecast and Cleansed Datal...........uueivieiiiiiiiieiiee et ene e e e e e e e e s ee e as 72
6.11. Database SUMIMAIY........cciiuiiiiiiieieiiimeeeesteeeeseteeesssneeessimrseeessbeeesannseessnnneessssmsseeesssneeesssseid 2
7. RESUILS Of TESHNG....ci i it e e e s smre e e enaeeeseneeeees 73
7.1.  Scenarios and INPULS.......ooviiiiiii e ————— 73
7.2, UCL: Indian QUEENS GSP....cciiiiiiiiieee e eetietie et e e e s ettt e e e e s e st eneee e e e e s sssnteeeaaeessnnsneesemeeeaeesann 76
7.2.1. Aggregated GSP (Sum of all Grid transformer loads)..........ccccccceevvvvicvivnvenneen. . 76
T7.2.2. TranSTOIMMEE L. ..ottt e e e e e e s ib b e e et e e e e e nnae s 78
70 T I - 0153 (0] 0 =T PSR 80
A I - g1 (o] 1 0 1= S PR 82
T7.2.5.  TranSTOIMMEE A...cooi ittt et e e e e s bbb et et e e e s anbe e 84
A T O L @ O o 1S T TU 11 = 1] S 86
7.4, UC3: PriNCe ROCK PIIMALY.....cciiiuiiiiiiiiii ittt ettt eer e e e 88
7.5, UCAI TIUIO BSP..oooieieieeeeeeet e 90
7.6.  UCS: LIynfi Valley BNAIY ...ttt 92
7.7.  UCG6: Generator Customer (Wind farm)..........oooiiiiiiiiiiii e 94
7.8. UCT: Generator Customer (Solar farm)...........ooiiiiiiiiiiieiiie e veeeee s 95
7.9, UCS8: Large LOAT CUSIOMIEE ... .ctiieiiiitiiieeae e iame ettt e e e e sttt e e e e e smibsbe e e e e e s e anbseeae e e e asamaseseeas 96
7.10. Forecasting with Active Network Management Data............ceevereeeeiimnieeennieee i 98
7.12. SUMMATY Of FESUILS. .....eeiiiiiiii ettt ettt et ene e e st e e e enees 99
8. L00] a1 11T ] o 1= PPT ORI 101
8.1.  Database SOIULION......ccciiiiiiiiiee ittt e et e e e e et e e e e e e bb b e e eme e e e e e e e nreaeeas 101
8.2,  FOrecasting MethOaS. ........c.uuiiiiiie et 101
LTS T U1 0 g [o AN o] o] (o = Tod o FU OO URTT SRR 102
8.4. Results and Key RecommendatiQniS............cooiiiiiiiiimieeiae e ene e e sreeee e e 103
85. / 2YLI NrAazy ¢AGK !'.Yti.bQAa..Y!l{a..tNR2SQi...... 104



WESTERN pow:n-/‘--'ﬁs

DISTRIBUTION FORECASTING EVALUATION REI
EFFS

8.6. Transferability t0 Other DNOS........cciiiiii e e e srme e e e s srree e e e e e sanes 105
8.7. Recommendations for Further ReSEarch..........coccccvviiiiiiniiie e 106
9. P o] o LT g (o I A 1=t g T = 1o gl Y/ o 1= SRR 107
10. Appendix B: Example Forecasting FIOW ChartS............occuiiiiiiieie i 109
11, AppendixX C: RESUILS GraphiS........ccuuiiiiiiiieiiiiieee sttt ettt ee et e et e e sbaee et emeeean 111
5 [ o To [ =T T @ T 1YY o RN 111
5 O O I = 1 13 {0 0 = O PRSP 111

5 O I = 1 13 {0 0 =T 2 PRSP 117
3 O T I = 1 1S3 {0 1 1= e OO PP PP PTPPPPP 122
11,04, TranSTOMMEE 4. ...ttt ame et e e e st e e e e s e mnb e e e e as 127
11.2. Cardiff SOULN....coii e e e e e e et e e 132
11.2.1.  SiX MONThS ANGA. ........oiiiiiiie e 132
11.2.2. MONEh ANBAG. ... e ame s 133
e T V== QY 1= To SRR 134
11.2.4. DAY ANCAU......ooiiiiiiieiieie ettt 135
11.2.5. HOUF ANBAM......eeiiiiiiiitieee et mi e e s e ettt e e e e e st b s e e e e e e e e ennnne e 136

B G TR 1 T o o PRSP 137
11.3.1.  SiX MONthS ANBAA........eeiiiiiiiii e 137
11.3.2. MONEh ANBAG......o it ame e 138
11.3.3. WEEK ANBAM. ...ccii ittt ere et e e e e s e abb et et e e e e e nnn s 139
11.3.4. DAY ANCAU......coiiiiiiie et 140
G T o (o TU ] g == o PP OO PPPPT 141
3 I (U o PP P P PP T PPPPPPPPPPPPTTRON 142
11.4.1.  SiX MONThS ANBAU........eeiiiiii e e e e e 142

0 S |V o o 1 7 1= - Vo S 143
11.4.3. WEEK ANBAM....ccii ittt ettt et e e e s e e et e e e e e e 144
1144, DAY ANCAU......ooiiiiiiiiiiiie et et 145
5 T o o TU ] Y 1= - Lo R 146
T Y0 T 2111 PSR UUPRPTRRN 147
11.5.1.  SiX MONThS ANEA. ........oiiiiiiiii e 147

508 T2 |V o o 1 7 1= Vo S 148
11.5.3. WEEKARNRBAU. ....ccii ittt ettt ettt e e s bbbt e e e e e e abb b e et et e e e e e nnreeas 149
11.5.4. DAY ANBAU.......ceiiiiiii ittt a et e e e e e e e e 150
50 T T o o 0T Y 1= - Lo R 151
11.6. Generator CUStOMEr WiNd Farml.........cooouiiiiiiiiiiieie et e e e e 152
11.6.1.  SiX MONThS ANEA. ........oiiiiiiiie e 152

0 T2 |V o o 1 7N = Vo 153
B T TR V== QY 1= T 1SR 154
11.6.4. DAY ANBAU.......ceeiiiiii ittt e e e e e e e e e e e 155
5 T T o o 0T Y 1= - Lo RS 156

N S Yo =T gl - 1 o PSPPSR 157
11.7.2. SiX MONN ANGAQ.........eeeeeiiiee et a e e e 157
11.7.2. DAY ANBAU.......ceeieiiii ettt e e e e e e e e e e e e e 157



WESTERN POW!R%

DISTRIBUTION FORECASTING EVALUATION REI
0 T o Y- T I O U] (0] 1 [ 158
N T S Y/ [0 T4 1 12 1= T= Lo 158
O S I VAT Y g [T Lo T 159
11.8.3. DAY ANCAU........eiiiiie it e e e e e e e e e s amn e naaaraaeenaans 160
R T S o (T[4 [T= Lo T 161
DISCLAIMER

Neither WPD, nor any person acting on its behalf, makes any warranty, express or implied, with respect to the use
of any information, method or process disclosed in this document or that such use may not infringe the rights of
any third party or assumes giiabilities with respect to the use of, or for damage resulting in any way from the use
of, any information, apparatus, method or process disclosed in the document.

© Western Power Distribution 2@L

No part of this publication may be reproduced, stdr@a a retrieval system or transmitted, in any form or by any
means electronic, mechanical, photocopying, recording or otherwise, without the written permission of the
Innovation Team ManageMWestern Power Distribution, Herald Way, Pegasus Business ®astte Donington.
DE74 2TUEmail wpdinnovation@westernpower.co.uk



mailto:wpdinnovation@westernpower.co.uk

WESTERN POWEI%

DISTRIBUTION FORECASTING EVALUATION REI
EFFS A,
Glossary

Term Definiion

ANM Active Network Management

APT Advanced Planning Tool

ARIMA Auto Regressive Integrated Moving Average
BSP Bulk Supply Point

DNO Distribution Network Operator

DSO Distribution System Operator

EFFS Electricity Forecasting and Flexibility System
ENA Energy Networks Association

GPU Graphical Processor Unit

GSP Grid Supply Point

I/0 Input / Output

KASM Kent Active System Management

LSTM Long Short Term Memory

NIC Network Innovation Competition

RMSE Root Mean Squared Error

RNN Recurrent Neural Networks

SGS Smarter Grid Solutions

TPW Treestructure ParzerEstimator

WPD Western Power Distribution

XGBoost Extreme Gradient Boosting
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1. ExecutiveSummary

Forecasting will play a key role in the Distribution Network Operator (DNO) to Distribution
System Operator (DSO) transition. If DSOs are to manage their networks with the aid of
flexibility servicesthe efficient use of these services is suppartey the ability to assess
where problems could occur and what level of service might be required to mitigate them
ahead of needThe level of efficiency that can be achieved will be driven byd#greeof
certaintyto whichbehaviour of demand and gendran connected to distribution networks

can be predicted.

In this report we explore theforecastingof real and reactive power flows at Primary
substations, Bulk Supply Points (BSP), and Grid Supply Points (GSP) over different time
horizons: six monthahead; one month ahead; one week ahead; one day ahead; and one
hour ahead.

The following methods were investigated using an agile approach that aimed to quickly
identify pramising methods rather than haniine a specifipredeterminedmethod:

1 Auto-Regressive Integrated Moving Averag@RIMA) A classic statistical modelling
approach for building timeseries forecasting models.

1 Long Short Term Memorf STMMArtificial Neural Networls. A specific type of deep
learning neural network for learning patterns in tirseries data.

1 Extreme Gradient BoostingXGBoost) A machindearning technique based on
decision trees that has performed well in recent machine learning and forecasting
compditions.

The key outcomefrom the forecasting developmendeliveredwithin this part of the EFFS
project include the following:

1 Model performance. For the majority of test cases, Extreme Gradient Boosting
outperformed the other methods tested. Althougldue to different data sets, a
direct comparison with forecasting trials in ProjécASMcannot be made, based on
the same accuracy criteria, LTSM and XGBoost achieve in most cases, the
performance requirements for EFFS. Details of the comparison cafourel in
section7 but are summarised below

1 Forecasting at different voltage levels and substation typ&sF&pplied a series of
techniques to GSP, BSP, Primarngd_and Generation customers across multiple
time horizonsThehigh-level results include:

0 Technigues based on historical data work best on short time horizons (hour
ahead and day ahead). This result is seen across most of the voltage levels,
including loa and generation customers.

o For the Pimary and BSP casesth low penetration of wind and solarelative
to yearly demanga feature set containingnly temporal trendswill provide
predictions with acceptable levels of accuraéyr higher penetratios of
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renewables,predictions benefit from the addition of weather featurde
meet accuracy requirements

o For the GSP case, we selected a @8Ridingconnected solar and wind
generationcapacities comparable to that of its total demarnhe stochastic
nature of the renewable generation made it more challenging to identify
trends/patterns from historical data for the net real and reactive power flows
at the GSP. By forecasting on an individual transformer basis and then
aggregating the drecasts yielded better results. Although the results were
only for a limited number of substations, this suggests to achieve the desired
accuracy, DSOs may look build a large number of specific models to aggregate
up to the GSP level.

The practicalitiesof using the techniquesThe results for the performance of the
techniques themselves are difficult to decouple from the skill of the data scientist
building the model. Although the results do appear to she@wlear benefit of the
machine learning techniggs over ARIMA, this should be treated with caution. With
adequate time and skill, one technique could outperform another in the hands of the
right data scientist. However, in assessing the different techniques, we have metrics
such as training time, tuninggme and forecasting time to give an indication of what
would be involved to use these techniques at scale. This hints at a potentiatdfade
between accuracy and given the way the underlying methods wagkwvhat can be
automated, reducing the need tbave large teams of data scientists to maintain a
large set of forecasting models. Understanding model creation and maintenance will
be key in howthe DSO approach forecasting.

The UK Power Networks (UKPN) Kent Active System Management (KAG&) assesed

the accuracy of its proprietyg ensemble forecasting method but using different metrics.
While a direct comparison may be misleading as the data used was different, the EFFS
results compare fawarably when looking at the MAPE and RSME/Capacity fiqutgsved:

T

T

T

MAPE for Load: KAS®8 day ahead approximation, EFBS% month ahead
averageas highlighted imablel;

RMSE/Capatyi for Solar: KASMO0% dayahead approximation, EFB3%day ahead
average as highlighted ifable47; and

RMSE/Capacity for Wind: KASK% day ahead approximation, EARS% day
ahead averagas highlighted in Table 44.

Furthermore, he results achieved in this project can be seen in the next table. Fields
highlighted in green illustrate where tHerecasters have been assessed to meet¢heeria

of greater than thetarget accuracy 80% ole time, whichwasthe performance target set

for the EFFS forecasting (see section 7.2 for detétishould be noted thaKASMand EFFS
used different data sets so the differe@in performancemay not purely be attributable to

the underlying techniges used.
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Summary é accuracy(%)results from forecasting methods described in this report.

Time Horizon

S Month Week
Use Case Accuracy Months Day Ahead Hour Ahead
Ahead Ahead Ahead

>50% 30.61 28.89 25.07 30.95

UC1g GSP
>80% 11.91 11.69 9.42 13.39 25.00

>50%

UC2¢ BSP
>80%

UC3c Primary >50%

>80%
>50% 68.99 73.48 73.41
UC4c BSP
>80% 29.88 33.75 34.10 45.54 52.08
>50%
UCHS¢ Primary
>80%
0,
UC6c Wind el
Generation >80% 12.76 18.68 27.49
0,
UCT Solar >50% 72.28 73.08 77.38
Generation >80% 58.16 54.70 52.68
>50% N/A 66.66 71.58
UCS8¢ Large
>80% N/A 27.43 29.41
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Implementing Forecasting Methodsin Open and Reusable Approach.

A key part of the approach taken by the EFFS projeam has been to aim for
reproducibility of the methods by other parties. Allthe forecasters detailed in this report
were built using techniques that can be implemented using freely available open source
libraries and implemented on a standard open smudata science platform.

To allow others to use, reproduce or even improve on the results of theudtOomer funded

work in this project, the underlying forecasting té0IK Ay dzaSR o6& (KS LINRZ2
methods partner has been detailed in this report. This has been domesaitable level to

allow the TRANSITION and FUSION projects to implement specific forecasting models based

on the same techniques for their licence areés.these casesthe performance will be

dependent orthe quality and quantity of availabl#ata.

11
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2. Introduction

Western Power Distribution (WPD) is currently in the middle of its Ofgem Network
Innovation Competition (NIC) funded project Electricity Flexibility and Forecasting System
(EFFS), with a projected end date of January 2021. This projegttis #eeir transition from
Distribution Network Operator (DNO) to Distribution System Operator (DSO) and has the
following objectives:

1 Enhance the output of the Energy Networks Association (ENA) Open Networks
project, looking at the higievel functions eEDSO must perform, provide a detailed
specification of the new functions validated by stakeholders, and the inclusion of
specifications for data exchange;

Determine the optimum technical implementation to support those new functions;

1 Create and test the tdmical implementation by developing software and
integrating hardware as required;

1 Use the testing of the technical implementation, which will involve modelling the
impact of flexibility services to create learning relevant to forecasting, the likely
benefits of flexibility services and the impact of changing network planning
standards.

=

The EFFS project aims to design and implement a system which will allow the planning and
dispatch of flexibility services in operational timescales. To do so, EFFS will use forecasts of
generation and demand at specific network locations to drive the yammlof what those
patterns mean for the distribution network.

Forecasting is not a new art; statistical methods such asJBokins (autaegressive moving
average) have been used to build demand models for decades. However, forecasting tends
to be highy skilled and requires teams of people to craft and maintain forecasting models. A
world with diverse small scale to medium scale distributed energy resources interacting with
specific local demand patterns means hasrdfted models may not prove practical

For EFFS, as well as assessing traditional methods, we have looked to recent advances in
machine learning and assessed their practical application to forecasting for the timescales
required by EFFS.

As part of the EFFS proje®WPDis seeking the deMepment of a forecasting system. The
ability to forecast load and generation at a range of timescales from an hour ahead to
several months ahead will be an essential input to power flow analysis of the network that
will highlight possible future network ostraints which, depending on the timescale, may
result in dispatching services already procured, or procuring services to be used in the
future. Generation and demand forecasting is often rudimentary and disconnected from an
integrated system. The interin of this project is to provide reliable, repeatable forecasting
YSGK2Ra FyYyR Ff32NAIKYa (2 &dzlJl2NI GKS RS@SHt
intention that the learning and methods or algorithms will be transferable to the related NIC
projects TRANSITION an@UEION managed by Scottish and Southern Energy Network and
Scottish Power Energy Networks respectively.

12
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Smarter Grid Solutions (SG8as selected as the forecasting partner in and this report
outlines the selected and developed forecastimgthods, with all necessary information
and artefacts to allow for recreation.

2.1. Objectives and Deliverables

Forecasting plays a central role in the EFFS project, to servieigis@uality input for power
systems analysis, the output of which being usetlexibility service procurement decisions.
The accuracy of forecasts and understanding likely variability is therefore paramount.

SGSwvascontracted to provide forecasting for methods for input data for use in the wider
EFFS projeciThe underlying foreasts are then used to drive power systems analysis that
determines the effect of load and generation on the network, i.e. circuit flows through load
flow analysis.

The aim ofthe work described in this report was:

1 Use DNO data, along with additiorgdta sources (e.g. weather data), to evaluate a
set of different approaches to forecasting.

o This includes the development of a database to store all the relevant data
that is integrated with the forecasting methods.

o Create aforecasting environmentthat uses a range of open source
forecasting libraries to evaluate statistical methods, machine learrang
deep learning methods.

o Apply these methods to the following forecasting applications:

A Load, Power Factor, Generation, Generation Power Factor, Ndt/Loa
Generation, Maximum load and Maximum Generation at 33kV, 66kV
and 132kV transformers; and

A Load, Power Factor, Generation, Generation Power Factor, Net Load /
Generation, Maximum load and Maximum Generation at 33kV, 66kV
and 132kV connected customers

o Forecastthe parameters above acro$sr the following time horizons:

A Intraday;

A Dayahead:;

A Weak ahead;

A One month ahead; and

A Six months ahead.

o Apply the WPRBIefined accuracy evaluation methods to calculate the efficacy
of the forecastingmethods.

The key deliverables fone work detailed in this reportvere:

A Toolchairfor building forecasting modeldased on open source technology);
Database schema, including data and test results;

Scripts to allow replication of results bye EFFS partnerand

This report gives details of the evation of methods and how to replicate the
methods.

E N W

13
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3. Forecasting Methods

3.1. Background to Forecasting

Forecasting is used when an estimate of uncertain future events is required, with the results
primarily used to irprove decisiormaking and planning activities. Forecasts that are
produced almost always incorporate some degree of error, howaves still beneficial to
have the limited information provided by a forecast than to plan for the future in ignorance.

Thee are qualitative forecasting methods based on soliciting opinions that are:

1 Focused on collecting opinions from industry stakeholders and experts, meaning
they are subjective;

1 Useful when past data is unavailable to help inform future treaahst

1 Typicaly applied to medium and long range time horizons.

An example of a qualitative forecasting method is the Delphi Method. This method uses an
iterative technique that relies on input from experts. It is based on the principle that
forecasts from a structu group will outperform those from an unstructured group. The

experts answer questionnaires in rounds, and after each rothml questions are rasked

but an anonymised summary of responses from the previous round is also supplied. It is
expected that byproviding the information from all the experts the range of answers

LIN2E A RSR NBRdzOSasz (GKdza O2y dSNHAYy 3 2yongt G O2 N
range forecasting for technological advantes

Quantitative forecasting methods use expliaitathematical models to determine future

trends as a function of past data. These methods are:

1 Useful when historical data is available and can be used as a reliable predictor for the
future; and
1 Typically applied tshorterterm time horizons.

Time seriedorecasting is important as so many prediction problems involve some temporal
component. It is assumed that patterns are due to time, and historical data patterns are
projected into the future. The time series can be broken down into component parts; level
trend, seasonal, cyclical, and random.

The random component is unknown and unpredictable. The cyclical component is due to the
longer term cycles and is difficult to identify, and so time series methods generally focus o
the identificationof all thesecomponents, for examplaf the seasonal componermta cycle

that repeats annuallythe trend and level components. The trend component is the optional
linear increasing or decreasing behaviour of the series over time, and the level component is
the baseine value for the series if it were a straight fine

! https://personal.ashland.edu/dlifer/internal/omlectureforecasting.pdf
2 https://www.gwern.net/docs/predictions/2003armstrongprinciplesforecasting.pdf
3 https://machinelearningmastery.com/timaeriesforecasting/
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There are a number of questions that also impact the forecasting and the effectiveness of
the employed method. These include:

1 How much data is available and can it be gathered together in one place? More
information can often be advantageous, allowing for greater opportunity to detect
patterns.

1 What time horizon is the prediction required for? In generahorterterm
predictiors are easier to achieve and with greater accuracy or confidence. The
farther into the future the prediction is, the more difficult it is to accurately predict
what the patterns may be.

1 Can forecasts be updated over time or must they remain static? It&sts can be
updated as more information becomes available, often the accuracy can be
improved.However, too much information can reduce this accuracy. Therefore, the
concept of over and underfitting explains this balance.

1 At what time resolution is thdorecast required? There the potential to employ
up/downsampling of data should a different resolution of forecast be required.
Upsampling sees the creation of new data points when adaptingréselution
dataset (e.g. half hourly) to a higksolutiondataset (e.g. minutely). Downsampling
is the opposite action.

The importance of data in the forecasting process links to another concern for time series
prediction ¢ the quality of the data. Quite often some degree of data cleansing will be
required. Thé can be due to bad or missing data in the dataset, or simply due to the fact the
data is in a format or resolution not suitable for forecasting purposes. It is always worthwhile
to spend some time scrutinising the input data to identify if there are eeous values,
errors in data logging and if outliers are credible.

3.1.1. Underfitting/Overfitting

In statistical analysis, overfitting is the production of an analysis which corresponds too
closely or exactly to a particular set of data, and ptagrefore,fail to fit additional data or
predict future observations reliablyLikewise, underfitting occurs when the method cannot
adequately extract nidentify trends in the data. This can appear in machine learning and
can sometimes be referred to as over or undiining. Overfitting can occur due to there
being a mismatch between the criteria used for selection of the model and that used to
determine the suitability of the model. An example of this is a model being selected for
maximising its performance on traig data, but its suitability may be determined by its
ability to perform well on unseen data. Overfitting occurs when the model memorises the
training data rather than learning to generalise from a trénd

When training a machine learning method the performance progresses from underfitting,
where it is training with too little data or too few features, and does not identify key
elements of the trends, to overfitting where too much information is providede dptimal

4 https://en.oxforddictionaries.com/definition/oveifting
° https://towardsdatascience.com/overfittingysunderfitting-a-completeexampled05dd7e19765
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point lies between these two points, and the investigation of the impact of different
guantities of training data and features will help the user determine what results in this
optimal point.

3.2. Investigation on Forecasting Techniques
A time seriegeady for forecasting should allow decomposition into four basic constituents:

1 Levelg baseline value that would correspond tioe series if it were a straight line;
1 Trendqthe increasing or decreasing linear slope of the time series over time;
1 Seasonaty ¢ the cyclical patterns of the curve over time;

1 Noisec the variability of the curve that cannot explained by the model

Several questions condition what can be done with the data or how accurate the results will
turn out to be:

1 Amount of data¢ more data generally allows for better forecasts and analysis;

1 Forecast horizong shorter time horizons are easier to predict with greater
confidence;

1 Frequency of historical data updates models canbe retrained as frequently as
there are updates of the histecal data and therefore the accuracy of the forecasts
can be improved over time;

1 Required granularity¢ the frequency of the required output conditions down
sampling or upsampling actions that can be made in modelling.

Before proceeding to forecastingi#t also necessary to analyse the input historical data and
oftentimes some data manipulation is required by cleaning, scaling or transforming the
original dataset:

1 Frequency¢ when frequency is too high or too low or data points are unevenly
spaced theranay be a requirement to resample the data;

1 Outliers¢ wrong or extreme outlier values may need to be identified or handled;

1 Missing ¢ missing values or gaps in the dataset may need to be interpolated or
complemented with additional sources.

In this analysis a spectrum of methods have been covered; both classical statistical methods
and artificial intelligence based methods.

Classical Statistical Method

Classical statistical methods are rooted in inductive inference from data, where the
likelihood principle drives the outcome from these methods.

The classical methods analysed included Mdlters, exponential smoothing, moving
average, Autoregressive Moving Average and Autoregressive Integrative Moving Average
(ARIMA).

Artificial Intelligence

Artificial intelligence is where the role of inductive inference is placed in the hands of a
machine implementing various types of machine learning algorithms.
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Machine learning attempts to achieve an objective without the aid of specific instructions
but instead determines patterns and relationships, hidden in data, to instruct its actions on
achieving the objective.

There are many machine learning algorithms, of varying approaches, since supervised
learning approaches deal with buildingreathematicalmodel of a set of data that contains

both the inputs and desired outputs, it provides a structurally sensible approach to the
forecasting problem and was therefore selected as the algorithmic and modelling route.

The application of machine learning farécasting is not new. However, since the turn of
this decadethe machine learning community has made inroads into a number of different
problems. Advances in neural networks and decision trees for what is sometimes termed
dDeep Learninghas resultedin improvementsin performance in key problemsuch as
imagerecognition where results are so strong the probleouldbe almostconsideed to be
solved.The same family of techniques can be turned to forecasting.

Part of the way the machine learning comnity continues to make advances is through the
use of benchmark problems and competitions to solve those problems. Forecasting
problems feature in the machine learning community Kayyd#oreover, in the area of load
F2NBOIFaGAYy3IST (KS orecadiry@émpebtibfe(asb fun énykadyB)ehas C
allowed a number of different techniques to congte against each other, including
techniqgues which employ classical statistical models.

The motivation to investigate machine learning was tiotul; firstly there was the success of
specific techniques in the competitions above. National G&dhas also recemy produced
interesting results for solar forecasting using deep learning technfques

Of the AFMachine Learning based optigrdifferent formulations for the supervised learning
problems were tested

1 Neural networks Recurrent Neural Network (RNN), Gated Recurrent Unit (GRU) and
LongShortTerm Memory (LSTM).
1 Tree-based methodsProphet and XGBoost.

Initial probing funnelled thee down to three relevant options: ARIMA as the best option
among the conventional methodologies, Recurring Neural Networks with-Sbog-Term
Memory as the alternative among Neural Network based models and XGBoost as the key
reference in the treébasedapproaches.

3.2.1. ARIMA

The Autoregressive Integrative Moving Average (ARIMA) model is a classical time series
forecasting technique that results from a generalisation of different methods. ARIMA models

®https://www.kaggle.com/
"https://www.ieee-pes.orglieeepesannounceshe-winningteamsfor-the-globatenergyforecasting
compeition-2017
®http://powerswarm.co.uk/wpcontent/uploads/2018/10/2018.10.18ruceNationatGridESCDeepLeaning
SolarP\fand-Carbonlintensity.pdf

17


https://www.kaggle.com/
https://www.ieee-pes.org/ieee-pes-announces-the-winning-teams-for-the-global-energy-forecasting-competition-2017
https://www.ieee-pes.org/ieee-pes-announces-the-winning-teams-for-the-global-energy-forecasting-competition-2017
http://powerswarm.co.uk/wp-content/uploads/2018/10/2018.10.18-Bruce-National-Grid-ESO-Deep-Learning-Solar-PV-and-Carbon-Intensity.pdf
http://powerswarm.co.uk/wp-content/uploads/2018/10/2018.10.18-Bruce-National-Grid-ESO-Deep-Learning-Solar-PV-and-Carbon-Intensity.pdf

WESTERN Powzn/\k!

DISTRIBUTION FORECASTING EVALUATION REI
EFFS /

can be applied to cases where nstationarity exists andhte integrative part can be applied
multiple times to eliminate the nostationarity.

The autoregressive component of the model establishes a relation where the forecasted
variable regresses from its own lagged or historical values. The moving averagbnteam
regression error with a linear combination of error terms over time. The integrative
establishes that some values result from differentiation of previous values.

The ARIMA model is one of the most widely used forecasting techniques and has proven its
value on many applications. Very often it is used in predicting load at a nationwide level.
Accuracy levels are high when sufficient data scientist time is spent on modelling and tuning
of the model. This means that for applications where a large numliefor@casts are
required, ARIMA, or other conventional methods, may not be the recommended option as
they become impractical.

In terms of development, ARIMA lacked more complete libraries in Python, the language
selected for the project. As it is commoritpown, R is the reference language for data
science, but many libraries were ported and new libraries have been built for Python,
allowing data science work to be conducted with Python.

In the case of ARIMA, R is still more complete than Python and éeelgh it was possible
to produce results in Python with ARIMA, the quality of results was largely improved when
deployed in R. So, for the particular case of ARIMA, R was used in the final testing.

The advantage of using R was the possibility of applifogrier transforms to capture
seasonality patterns, which improves significantly the quality of results. It is necessary to use
one Fourier transform per seasonality pattern that is being captured and the frequency of
that season is not captured automatigaby R, given the complex shape of the input profile.
So, when importing the data it is necessary to save multiple copies of it, once per frequency,
SO as to extract the Fourier transform. Frequency in data science corresponds to the more
general knowlede of period in other science fields, so frequency will be defined by the
number of steps that form the season, e.g. for half hourly data frequency is 48 for capturing
the daily pattern or 336 for the weekly pattern.

The three parameters of the ARIMA mode) g, d) are automatically computed by a bt
method in R when provided the input data and the external regressors. The external
regressors are what in Al based methods are called features and in the case of R will consist
of the Fourier transforms fothe input time series and other relevant variables such as
temperature. Dealing with external regressors for ARIMA requires more significant data
preparation than in Al based techniques.

A full theoretical background and tutorials for ARIMA developmemt be found in the
reference$®,

° https://www.datascience.com/blog/introductiofio-forecastingwith-arima-in-r-learn-data-science-tutorials
19 https://people.duke.edu/~rnau/411arim.htm
1 hitps://www.kaggle.com/kailex/arimawith-fourier-terms
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3.2.2. LongShortTermMemory

Long Short Term Memory (LSTM) is a type of neural network machine learning algorithm.
Like all neural networkst creates a series of relationship connections in the hidden layer
(artificial neuras) between the data set inputs to determine possible outputs. Since one of
the largest influential relationships for time series data is time, a neural net variant was
created, called recurrent neural network®RNN) where memory is introduced to the
algaithmic structure, shown irFigurel, to temporally link predictions made in the hidden
layer with input data to improve output data predictions.

: | Key . .

X, | Cell : Matrices of weights of the
| |
|

% input and recurrent

a % :) h, connections
— |
ey | Zt @ Sigmoid Function
|
|
|

_____________ | @ Tangent Function

Figurel: Recurrent Neural Network Architecture
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The number of hidden layers, or neurons, can vary dependent on the amount of dependent
or independent relationships that may or may not exist between the ingata. This
concept can be optimised, but in this sectjdnjust needs to be understood that the hidden
layer exists to hold these relationships.

The LSTM algorithm improves on the recurrent networks problems, namely the exploding
and vanishing gradiergroblems which do not allow recurrent neural networks to recognise
important time series events for unspecified durations. The introduction of long term
memory is illustrated ifrigure2.
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Figure2: Long Short Term Memory Architecture

The architecture allows the LSTM to hold on to significant events (seasonal variations) while
forgetting insignificant ones (erroneous @aspikes). It is achieved by updating the cell state
with a forget gate. Information, from previous intervat&in now be added or forgot by the

cell state, where required, to improve the predictive ability of the cell:

b 9h, wa
Where:
"Qg s forget gates activation vector
@4 Q input gates activation vector
6§ 51 2 cell state vector

J@, ol Q cell state feedback vector

GaYy AyLlzi Y2Rdz FdAzy 3AFLG38Qa FOGADEGAZY @S0

The superscripts d and h refer to the number of inputtéeas andthe number of hidden
units (neurons).

The output of the forget gate tells the cell state which information to forget:
Q a0y YQ, g

Where:

wia  HAYia PhoR :are the weight matrices and bias vector parameters.
The input gate determines which information should enter the cells memory:
® o0& KR, G

and allows the addition of memory, with the modulation gate:
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@ %0y KR,

allowing for removing memory, creatingsalectable input:

%é

Finally the output gate determines which values should be moved on to the hidden layer:
Qo Gy% Yy

In all the previous operations, the activation functions enable the behaviour desired from
the weights being produced ihé¢ matrices; the values themselves can be trained using an
optimised algorithm to improve the outputs the cell makes to the hidden layer to improve
predictions.

Further reading material on LSTM is available in the referénce
3.2.3. XGBoost

Extreme Gradient Bating (XGBoost) is one of the most respected machine learning
algorithms for supervised learning. It can tackle regression, classification and ranking
problems. Gradient boosting techniques produce forecasts by creating an ensemble of weak
prediction mode$, which in the case of XGBoost are decision trees.

XGBoost like other gradient boosting techniques builds the final model in a-siage
manner. Yet, it builds a more generic framework by optimising an arbitrary differentiable
loss function, which allowsontrol of overfitting and improves performance.

XGBoost is being vastly adopted for its execution speed and the model performance. Existing
libraries are widely supported in different platforms and allows parallelisation, distributed
computing implemerations, outof-core computing for very large datasets and cache
optimisation.

Further reading material on XGBoost is available in footridtés
3.2.4. Model Execution Method

Both the machine learning techniques require the definition of a model that consists of
several methods:

1 Creation of featureg; this is the step where the data that will influence the forecast
is defined and prepared in the right format;

1 Training of model¢ in this step, the historical data and features are used in
combination with the trainig model to fit the model to the data; the training model
requires the definition of hyperparameters that condition the final performance of
the prediction;

12 Deep Leming with Python: Francois Chollet
13 https://blog.exploratory.io/introductionto-extreme-gradientboostingin-exploratory 7bbec554ac7
14 https://machinelearningmastery.com/gentigntroduction-xgboostappliedmachinelearning/
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{1 Forecast modet using the fitted model, the length of the future prediction required
is provided ad the forecast is produced.

In machine learning, a hyperparameter is a parameter whose value is set before the learning
process begins. These contain the data that govern the training process for the prediction.
The forecasting model considers three typésiata:

1 Input datac this is the collection of individual time series profiles used to make
predictions.

1 Model parametersg these are the variables the chosen model uses to adjust the
data.

1 Hyperparameters; these variables are not directly related to the training data, but
are used to configure the model.

Hyperparameters are user defined and can be optimised using different techniques
addressed in the next section.

3.2.5. Hyperparamters for XGBoos

The development obur XGBoosmodelswas done in Python and using the XGBoost library.
This library is quite complete and allows for multiple levels of analysis and validation while
building confidencen the model being developed. Establishing a i&Boost model proved

to be simple and there are many tutorials online that help a less experienced user to
accomplish that task.

The following task of gaining confidence and improving the model takes some extra
development work and testing. Given that Xg&Bt is very fasttesting becomes a
streamlined process and many combinations of features and hyperparameters can be made.

The most relevant hyperparameters were found to be the number of decision trees and the
size of the trees. The number of trees isitolled by then_estimatorshyperparameter and

the tests conducted in this project showed there is a big negative impact if this parameter is
not large enough. The advantage of keeping the number of trees small is that the resulting
model can be more edgi audited by a human as decision trees are not black boxes.
However, when the team attempted to keep the number of trees contained performance
degraded and the benefits of the model being fully tractable do not overweight the loss of
accuracy. It was alsabserved that for optimising this parameter there is a loss of speed as it
can vary from a few trees to thousands, increasing exponentially the number of
hyperparameter combinations. Therefore, there is a firm recommendation to use 1000
decision trees foall models developed in the scope of this project.

As to the size of each tree, this is controlled by thex_depth hyperparameter. This
parameter provides good performance improvements and it is recommended that it is
optimised between 1 and 20 layersiece.

Other relevant parameters that were being optimised, but where performance
improvements were not so important were:

1 min_child_weight¢ When the tree partitions, if a leaf node results in a weight less
than min_child_weight, then the building procespartitions no more. The
recommended range is-30.
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1 subsampleg subsample ratio is used to avoid overfitting. It defines the proportion of
random sampling of the training data before growing a tree. Normal range is from 0
1, but to really avoid overfittig 0.71 was selected in the project.

1 gammac¢ Minimum loss reduction required to make a further partition on a leaf
node of the tree. Possible range froreQ but in the course of the project the range
0.1-10 was used.

1 colsample_bytree¢ subsample ratio ofcolumns when constructing a tree. Used
range was 0..

1 reg_lambdag L2 regularisation term on weights. Defaults to 1 but can be changed,
SO range was set to-D.

3.2.6. Hyperparamters for LSTM

LSTM was implemented in Python via the Keras package librarpwsdhe abstract model
present in Sectiorerror! Reference source not foundo be implemented in software. The
onstruction of the LSTM model consists of hyperparameters crucial to its ability to learn and
predict outputs from a series of inputs. The most relevant hyperparameters for LSTM to
improve upon the LSTM forecasting are:

Neurons (Hidden Layernumber of neurons that hold the relationships between the data,
input as a range typically-000.

Number of Hidden Layers; number of hidden layers to provide greater depth to
relationships, typically one or two.

Activation- behavioural functions associated with weights and bias matrices, selected from a
list of functions, such as the sigmoid function that creates a weight between 0 and 1.

Optimiser- optimises the weights and bias matrices to improved performance, there are
manychoices”.

3.2.7. Hyperparameters Optimisation

Artificial intelligence based techniques, LSTM and XGBoost, require the inpedrafefined
hyperparameters. These hyperparameters may vary with the case being analysed and so a
good set of hyperparameters can imgve the results significantiyhile the training of the

model is required for every new forecast, the tuning of hyperparameters does not need to
be as frequent.

The selection process is not trivial as there is a significant number of hyperparameters.
Canmonly applied methods are random search, matrix search or other heuristic based
methods. These methods are either time consuming or have little guarantees of being near
optimal options.

To tackle this problem, Bayesian optimisation can be applied. Bayegamisation is a
probabilistic model based approach for finding the minimum of any function that returns a
reakvalue metric. The function being evaluated can be of any level of complexity.

5 hitps://keras.iologtimizers/
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Optimisation is finding the input values to an objective fumetthat yield the lowest output
value. In machine learning, the objective function is mdilthensional because it takes in a
set of model hyperparameters. For simpler functions, the minimum loss can be found by
trying different input values and verifyinghich set of values yields the lowest objective
function result. This works reasonably well, while evaluations of the objective function are
computationally cheap. For complex objective functions the number of evaluations should
be reduced to the bare mimum.

The case of LSTM is particularly benefitting of Bayesian optimisation, but XGBoost also sees
large improvement in the tuning of hyperparameters.

In the project, a library available for Python (but also other platforms), HyperOpt, was used.
Hyperparameter optimisation was achieved using Bayesian optimisation with a tree
structure Parzen estimator (TPE) search space approach.

The treestructured Parzen estimator is a sequential medased optimisation method that
sequentially constructs modelto approximate the performance of hyperparameters based

on historical measurements, and then subsequently chooses new hyperparameters to test
based on this model. The TPE approach models P(x|]y) and P(y), where x represents
hyperparameters and y the assated quality score. P(x|y) is modelled by transforming the
generative process of hyperparameters, replacing the distributions of the configuration prior
with non-parametric densities.

HyperOpt requires four major input methods to be defined and run:

1 Objedive function ¢ the objective function method defines the fit function and the
metric to monitor in the optimisation process.

1 Search space method; this method defines the search space, including the
hyperparameters to be optimised and their desired ranges

1 Trials methodsg optional method that initiates the structures for advanced analysis
of results and auditing of optimisation process. This is not required in deployment
mode, but very useful in the first steps of tuning with any new dataset.

1 Optimisation algorithm ¢ defines the methods to be used in the optimisation
process.

With these four inputs, HyperOpt conducts the optimisation process in an automated
manner and the final results should be used as hyperparameters for that dataset.

The tuning procesdoes not need to be run as frequently as the training process, due to
hyperparameters adequacy to the dataset and not to the particular moment that is being
forecasted or the particular parameter being forecasted

When optimising hyperparameters, if pdsi the tuning set should be different from the
training set to avoid overfitting. In this case, given the limited length of the datasets, the
tuning set was defined as a subset of the training set. Even though this was done there were
no signs of overfithg.

The ecommendation is that when deployment comes the tuning set is chosen as a separate
time period from the training set.
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In terms of recurrencethe tuning process does not require as frequent repetition as the
training process. Training needs to benducted every time there are data updates and a
forecast for a subsequent period is sought. Tuning should be cyclically repeated but maybe
once every month or quarter. Further research would be required to identify the best cycle
for tuning. As long athe data trends remain similar the tuning process should be little more
than a validation of the previous solution.

3.3. Investigation on Features

Having discussed the forecasting models and the process to optimise the hyperparameters
there is only one additicad key element required to build quality forecasts, the definition of
a good feature set.

A feature is a known variable that is used to inform the forecast of a variable for which only
historical information is known. In case the feature is not known,das¢s of the feature can

be used as a proxy, naturally taking a toll in the final accuracy of the forecast. Certain
variables such as air temperature are widely forecasted with very high levels of accuracy,
particularly in the shorteterm horizons. Theseariables are very useful as features in the
prediction of other variables that have some sort of dependency on them. Electrical load and
air temperature are commonly correlated, especially when electric heating and cooling
systems exist.

More generally, wather related data can improve the quality of a forecast in the electric
power systems domain. Tests were conducted using more variables in addition to the air
temperature, such as air pressure. Results were largely improved when multiple features
were applied, but in practical termsit does not seem reasonable to expect all of those
features to be available and so that is not a recommendation of the project.

Another technique was successfully tested which uses data manipulation to facilitate the
training process of the forecasting methods. One hot encoding is a technique that models
qualitative variables as binary variables. One very important example of application is the
days of the week. Instead of labelling the day of the week by a number from 1steveén
variables are created (Sunday through to Saturday) and for,@aflor a 1 is assigned. The
sum of these variables per data point must always be 1, as a certain day cannot be, e.g., both
Monday and Tuesday at the same time. Holidays are also neddelth binary variables.

As final recommendations for feature selection, depending on the type of variable being
forecasted some features might or might not be relevant. A good breakdown is as follows:

1 Load profilesg the most relevant features for thegarofiles are day of the week, day
of the year, season, hour of the day, bank holidays and in cases where a meaningful
correlation exists with temperature, the air temperature (or other available weather
data).

1 Renewable Generation profileg in this caseday of the week or bank holidays do
not have an influence, but all other features may have as well as wind speed or solar
irradiance.

1 Substation net flow profiles; as a combination of the above, all of the load indicated
features should be relevant, aseW as the dominant generation features for each
specific case.
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1 Domain Knowledge Where domain knowledge can be applied to identify patterns
not identified in the aforementioned, features can be appended.

Finally, when active and reactive powsibeing faecasted with XGBoost, a process of first
forecasting the active power component and next using that forecast as a feature for the
reactive power component was developed. This should be the order as the dominant
variable is active power and not reactivevper. In the case of LSTkhe cross impacts of

the two variables can be withdrawn by the methods and therefore they can be forecasted at

the same time, in which case this process does not apply.
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4. Systemisation of Procurement & Development of UGases

TheDSOs aim is to procure, arm and dispatch services from distributed custmssets to
ensure continued operational security and stability of the network. To ensure this the DSO
must procure, arm and dispatch services in a timely manner which will invadaelling the
network across multiple time horizons and voltage levels. The timings of the analysis are
likely to be driven by the gate closure timings for various business processes e.g.-tfe cut
time to submit information to a certain market, accepidb, provide arming notifications,
provide dispatch notification®tc.

To determine the requirements for flexibility services, credible outage conditions are
assessed for a part of the network at a particular point in ti@wer flow analysis is used to
identify issues such as thermal overloads or voltages being out of the permissible range.
Power flow analysis requires a model of the network that shows how the various
transformers, switchgearand cables are connected and also provides informationhmn t
impedances and ratirggof these network component3o model the flow of power over the
network, forecasted values for load and generation at all the relevant sogithin the
network model must bgrovided.

The power flow analysis may require some adjustments to be made. For example where the
networks for each voltage level are modelled separately, then the impact of adjustments to
the load and generation at one voltage level, for example, to account fongkeof flexibility
services, may need to be reflected at other voltage levels. Other interactions between
voltage levels, including exchanging and blending forecasts with National Grid, should be
considered.

Where the contingency being modelled wouldsult in generators being tripped off the
network after a fault, then there is a need to use forecasts for the network loads that would
occur without the contribution from embedded generation i.e. the Total Load rather than
the Net Load.

The SCADA systemdl normally record the net load on the healthy network rather than the
total load on a posfault network, therefore,the total load forecast must be generated by
creating a net load forecast and then adjusting this using a forecast of the output of the
embedded generation. The embedded generation that needs to be considered may also
need to be aggregated across multiple voltage levels as the load at a 33kV Primary
Transformer, say, will be reduced by embedded generation connected at 11kV or LV.

Exanples of the procurement task classes, the time horizon, modelling and input data
required are shown ifrigure3 below, mapped by voltage level and time frank&ach task is
broken down into three requirements that need to be satisified to achieved procurement via
forecast:

1 The problem to be solved via procurement

1 Network Model Representation

1 Input Data for the model
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Problem Quality of supply risk
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(Voltage Exceedange
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Model: AC Load Flow
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T.BD

Figure3: Systemisation of ProcurementExampl
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The figure presented is by no means exhaustive of the types of problems to be solved via
procurement tasks, this will be developed during other parts of this project. Similarly, the
physical modéing of the network to highlight the problems to be procured for will also
require further investigation. What this document seeks to fufill is the task of forecasting for
input data that will be associated with each procurement problem. To successfhigvac

this, use case and test scenarios are developed to determine where forecasting for input
data can be useful and where it is limited.

4.1. Use Cases and Test Scenarios

In order to develop forecasting models in a systematic vitayvas necessary to estalsh a
benchmark, therefore a sufficient number tlse Cases(UC)were developed. These use
cases reflect the different needs for forecasting data and therefore consider different
voltage levels and time frames as changing variables across the use cases.

Thefour use casewere:

1. UC1¢ 6 months ahead, GSP studyforecasts for the subsequent 6 months will be
provided in 30min time steps.

2. UC2¢ 1 month ahead, BSP studyorecasts for the following month will be provided
in 30min time steps.

3. UC3¢ Day ahead, primary studyforecasts for the next 24h in 30min time steps.

4. UC4¢ Hour ahead, BSP studyorecasts for the next 2 half hours.

Two forecast testsvere proposed per use case and consist of different training sets for the
same test set. Gan that there are many different variables that can be changed to try to
influence the quality of the results, the definition of the training periods for each of the use
cases was decided in a way that allows drawing conclusions about the influence of the
training set length on the results in each of the cases.

The tuning and validation datasetgere used first in the hyperparameter optimisation, then
the training and test sets are used for the prediction.

For each of the use cases, input datas provided in excess of the minimum set of data
needed to forecast. When applying the different forecasting methods, the influence of using
(or not) these extra time seriesagbe analysed.

Usecases 34 have been used throughout the development of the faasting methods
since these contained load and generators of differing import and export behavibaors
more single typetesting,use cases 58 were developed and included. The results from these
tests are outlined in Section For the single type testing there was a selection of generator
types to choose from:

1 Solar

wind;

CHP

Biomass

Anaerobic Digestors
STORand

E JE N
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1 Battery.

Each type was graphed and can be foundsection9: Appendix A. From the behaviour
presented in the graphs and domain knowledge the generatgse grouped by whether
forecasting would provide a benefit. wasdeterminedthat where weather plays a key role
for generation it would need to be forecasted due to the physical data that calebaeily
called upon to enable prediction.

Where a @nerators export was dictated indirectly from weathefuel avaibbility,
controllable dispatchor market forcesthey would not be considered at this stagéhis
resulted in solar and wind forecast models to be developed whereas no model was created
for CHP biomass, anaerobic digeste batteries, andSTORHowever, he techniques and

tool described in this report could be used to look for patterns and correlations between
data and the profilesof these generators; for example, the correlation between STOR
running and predicted solar and wind output reduction.

4.1.1UC1c GSP, Six Months Ahead

Type GSP
Name Indian Queens
Site location SW 93918 59012

Opnc HO nM®O®H N b nnn
Input dataper transformer Active power (MW)

Reactive power (MVAR)
Full dataset filename Indian_Queens_GSP_Full.csv
Dataset period 14/12/2014¢ 15/02/2018
Forecast test 1
Tuning set (where applicable) 14/12/2014¢ 12/11/2016
Validation set (where applicable) 13/11/2016¢ 13/12/2016
Training set 14/12/2014¢ 13/12/2016
Test set 14/12/2016¢ 13/05/2017
Forecast test 2
Tuningset (where applicable) 14/12/2015¢ 12/11/2016
Validation set (where applicable) 13/11/2016¢ 13/12/2016
Training set 14/12/2015¢ 13/12/2016
Test set 14/12/2016¢ 13/05/2017

4.1.2UC2¢ BSP, Month Ahead

Type BSP
Name Cardiff South Grid
Site location ST19840 74680
OpMC HT pp®nwm b nno
Input data (For each transformer) Active power (MW)
Reactive power (MVAR)
Full dataset filename Cardiff_South_Grid_BSP_Full.csv
Dataset period 01/01/2014¢ 15/02/2018
Forecast test 1
Tuning set (wherapplicable) 01/06/2014¢ 31/05/2015
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Validation set (where applicable)

01/06/2015¢ 30/06/2015

Training set

01/06/2014¢ 30/06/2015

Test set

01/07/2015¢ 31/07/2015

Forecast test 2

Tuning set (where applicable)

01/01/2015¢ 31/05/2015

Validation se{where applicable)

01/06/2015¢ 30/06/2015

Training set

01/01/2015¢ 30/06/2015

Test set

01/07/2015¢ 31/07/2015

4.1.3UC3¢ Primary, Day Ahead

Type Primary
Name Prince Rock
Site location SX 49800 54100
OpPpNC HH nodHd b nnn

Input data (for each transformer)

Active power (MW)
Reactive power (MVAR)

Weather source

Metoffice ¢ 9001, Mount Batten

Full dataset filename

Prince_Rock_full.csv

Dataset period

01/01/2014¢ 15/02/2018

Forecast test 1

Tuning set (where applicable)

01/06/2014¢ 23/06/2015

Validation set (where applicable)

24/06/2015¢ 30/06/2015

Training set

01/06/2014¢ 30/06/2015

Test set

01/07/2015

Forecast test 2

Tuning set (where applicable)

01/04/2015¢ 23/06/2015

Validation set (where applicable)

24/06/2015¢ 30/06/2015

Training set 01/04/2015¢ 30/06/2015
Test set 01/07/2015
4.1.4UC4¢ BSP, Hour Ahead
Type BSP
Name Truro
Site location SW 80210 46794
Opnc wMc ny ®o o b nnp

Input data (for each transformer)

Active power (MW)
Reactive power (MVAR)

Weather source

Metoffice ¢ 200324, Hendra, Truro

Full dataset filename

Truro_BSP_Full.csv

Dataset period

01/01/2014¢ 15/02/2018

Forecast test 1

Tuning set (where applicable)

01/04/2015¢ 23/06/2015

Validation set (where applicable)

24/06/2015¢ 30/06/2015

Training set

01/04/2015¢ 30/06/2015

Test set

01/07/2015

Forecast test 2

Tuning set (where applicable)

01/06/2015¢ 23/06/2015
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Validation set (where applicable)

24/06/2015¢ 30/06/2015

Training set 01/06/2015¢ 30/06/2015
Test set 01/07/2015
4.1.5UC5¢ Primary
Type Primary
Name Llynfi Valley
Site location SS 8718 8876
OpmMc op MMdnn b nn

Input data (for each transformer)

Active power (MW)
Reactive power (MVAR)

Weather source

N/A

Full dataset filename

XGBoost_Input.csv

Dataset period

01/01/2014- 16/02/2018

Forecast test

All time horizons

4.1.6UC6c Generator CustomelVind Farm

Type Generator Customer
Name Goonhilly Wind Farm
Site location SS 8718 8876

OpMc op MMDnn b nn

Input datafrom historian

Active power (MW)
Reactive power (MVAR)

Weather source

N/A

Full dataset filename

XGBoost_Input.csv

Dataset period

01/01/2014- 16/02/2018

Forecast test

All time horizons

4.1.7UC7¢ Generator CustomefSolar Farm

Type Generator Customer
Name AYSHFORD COURT FARM 33kV SOLAR PA
Site location ST 04850 15130

Input data from historian

Active power (MW)
Reactive power (MVAR)

Weather source

N/A

Full dataset filename

XGBoost_Input.csv

Dataset period

01/01/2014- 16/02/2018

Forecast test

All time horizons

4.1.8U@ ¢ Large Load Customer

Type Primary
Name Load 3
Site location SS 8718 8876
OpmMc op MMdnan b nn
Input data Active power (MW)

32




WESTERN POWEI%

DISTRIBUTION FORECASTING EVALUATION REI
EFFS T/ 22222 Z?Z/ 22 2,2, x(x2CLLLLAA/4
Reactive power (MVAR)
Weather source N/A
Full dataset filename XGBoost_Input.csv
Dataset period 01/01/2014- 16/02/2018
Forecast test All time horizons
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5. Development of Methods

This section shows how to set up thaolchain before using worked examples to show how
the XGBoost and LSTM forecasts are configured and used. The metketlup forecasts
using ARIMA has been omitted as this gives inferior results to the two machine learning
methods and requires considerable userthe-loop interactions for training and execution.

The toolchain is based on the Anaconda data sciencéophat

5.1. Toolchain SetUp

There are a couple of conflicts and issues with the packages on the standard Anaconda
install, this is due to quirks in theensorflowand Keraspackages.

Forexample the standardAnaconda3 python executable is presently 3.7 afdnsorflowis
only compatible up to 3.6.6. TherefoMiniconda is requireda product of Anaconda, which
allows the user to bolt together environments from thgrevious versions to achieve a
working environment.

To achieve a stable environmedt/ipyterkemel the following steps in the following order
must be undertaken.

1. Go tohttps://www.anaconda.com/distribution/

2. Download Anaconda for Windows 2018.12, Python 3.7 versiorBit64&raphical
Installer

3. Install Anaconda 3 64 Bitnake sure to place it in a sensible location, Anaconda likes
to install in hidden files locations.

The install should now be available in the Windows toolbayure4.

Anaconda3 (04-bit)

@ Anaconda Mavigator
B Anaconda Prompt
- Jupyter Motebook
|| Reset Spyder Settings
& Spyder

Figure4: Anaconda install in toolbar

There is a requirement to update Anaconda witinicondato implement environment
creation:

4. Go tohttps://conda.io/en/latest/miniconda.html
5. Download Miniconda 3 64 Bit
6. Install Miniconda 3 64 bit

Miniconda willsupersedehe Anaconda 3 prompt (figure above) so now when the Anaconda
prompt is opened the following is visiblEigure5.
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B Anaconda Prompt

Chase>» C:slUsers*mcollins>we can update the standard install from here. or we can
create a new environment .

Figure5: Anaconda Prompt

To create the majority of the environment needed copy and paste the following instruction
into the prompt: condacreate --name effseEnv python=3.6.6 pandasatplotlib scipyscikit
learnjupyter sympyipykernelpip openpyxl

CeffzEnv) C:islserssmcollins?conda create ——name effsEnv python=3.6.6 pandas matp

lotlib scipy scikit—learn jupvter suympy ipukernel pip openpyxl

Figure6: Environment instruction

Pressing enter will create the environment; it is important to incligikernal to make the
Python environment available as apyter Notebook.

After the environment has beetreated,install the $atsmodelspackage independently.

teffsEnv? C:xUserssmcollins>conda install —c¢ anaconda statzmodels

Figure7: Statsmodels install

For hyperparameter exploratigthe HyperOpfpackage is required.

CeffsEnv? C:xUserssmcollins>conda install —¢ conda—forge hyperopt

Figure8: HyperOpt install

Then theTensorflowpackage must be installed. Problems with then@ainstalls have been
experienced and this approach fixed the probldfigure9.

Chase?> C:sUserssmcollins>activate effsEnv

CeffsEnuv) Cislserssmcollins>pip install tensorf low

Figure9: Tensorflow install

Finally pip installkerasin the same way.

CeffzEnv> Cixlserssmcollins>pip install keras

FigurelQ: Keras install
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Again, for hyperparameter exploration for LStk Hyperas version 0.4 must be installed;
a pip install$ recommended.

For XGBoost the following is required:

conda install - c anaconda py - xgboost
and
conda install - ¢ anaconda seaborn

Figurell: XGBoost packages

Theenvironment and kernels are now ready for use. Tingyfer Notebook is now available
for the desired kernel.

. Anaconda3 (b4-bit)

O Anaconda Mavigator

B Anaconda Prompt

. lupyter Notebook (effsEnv)
- Jupyter Motebook
|| Reset Spyder Settings

& Spyder

Figurel2: Jupyter Notebook

The methods can now be run. Théghlevel flow charts of the methodsre providedin
Sectio 10.

5.2. XGBoost Notebook Development

The structure of thedevelopednotebooks follove the same pattern: importing packages,
input data, actions, outputsThe process ofate book construction is presented in section
10: Appendix B.

5.2.1 Hyperparameter Optimisation

Before running the prediction model, the hyperparameter optimisation is run. The
hyperparameter optimisation notebook follows the same pattern as above. The packages
required at this stage are shown kigurel3.

import pandas as pd, numpy hs np

from sklearn.metrics import mean squared error

import zgbocst as =xgb - B

from hyperopt import hp, fmin, tpe, STATUS OE, Trials
from math import sgrt

import time

import matplotlib.pyplot as plt

Figurel3: Hyperparameter optimisation import

The notebook then needs to pointed to an input file (csv) containing the data for tuning and
validating the modelFigurel4. The filepath should be updated to the location of that file.
The split data here refers to where the training set ends and the validation set begins. The
features are then listed. Ifdalitional data is to be used in the tuning of the model, for
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example solar irradiance, it should be added to the input file, and then the feature added to
this below. The feature name should match the column heading in the input file. The
parameter that the forecasting and hyperparameter optimisation is being run for also need
to be specified. This is done in the bottom two linesFigure14; in this examplethe
parameterA & da[ 2} Ré @

dateparse = lambda dates: pd.datetime.strptime (dates, '%d/%m/%Y %H:%M'")

df = pd.read csv('C:\\filepath\\input data.csv',index col=0,date parser=dateparse)
#df.index=pd.to datetime(df['Date'])

print (df.head (10} ]}

print {df.dtypes)

split_date = '2015-06-23"
train = df.loc[df.index <= split date].copy()
test = df.leoc[df.index > split date].copy()

def create features(df, label=None):

nmn

Creates time series features from datetime index
nmmn

df["date'] = df.index

df["hour'] = df["date'] .dt.hour

df ["dayofweek'] = df['date'] .dt.dayofweek
df["quarter'] = df['date'].dt.quarter

df [ "month'] = df['date'] .dt.month
df["year'] = df['date'].dt.year
df["dayocfyear'] = df['date'].dt.dayofyear
df["dayofmonth'] = df['date'] .dt.day

df [ "weekofyear'] = df['date'].dt.weekocfyear

LAl M Ve P ] — JET I ]
#A1 | demp f = 4rj  raemp J'|

X = df[["hour', "dayofweek"', "quarter', "month’, "year',
'dayofyear', 'dayofmonth’, "weekofyear']]
if label:
y = df[label]
return X, vy
return X

train, y train = create features(train, label="Load')

valid, y:valid :Ieate:features{test, label="Load")

Figurel4: Hyperparameter optimisation input and features

The objective function and search space need to be defined. These are shéiguial5
and described in Sectidarror! Reference source not foundThen follows the trials method
nd optimisaton algorithm,Figurel6.

These then output an optimal set of hyperparameters for use in XGBoost. This part of the
process is manual and these values are to be copied into the XGBoost noté&lqamiel7
shows an example of the hyperparameters that can be generated.
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def rmse (true,pred):
return sgrt(mean squared error(y_true=true,
¥_pred=pred)})

iz /4

def cbjective (space):

clf = xgb.XGBRegressor(n_estimators = 1000,

max depth = space['max depth'],

min_child weight = space['min_child weight'],
subsample = space['subszample'],

gamma = space['gamma'],

colsample bytree = space['colsample bytree'],
reg_lambda = space['reg_lambda']

)

eval set = [( train, y_train), ( wvalid, y_valid}]

clf.fit(train, y_ train,
eval_ set=eval set, eval metric="rmse",
early stopping_rounds=30,
verbose=False)

pred = clf.predict (valid)
score=rmse (y_valid,pred)

print ("SCORE:", score)

return{'loss':score, 'status': STATUS_OK }

space ={

'max_depth': hp.choice('max depth’, np.arange(l, 20, dtype=int)},
'min_child weight': hp.gquniferm ('x min child', 1, 30, 1),
'subsample': hp.uniform ('x_subsample', 0.7, 1),

'‘gamma’ : hp.uniform ('x gamma', 0.1,1.0}),

‘colsample bytree' : hp.uniform ('x_colsample bytree®, 0.7,1),

'reg_lambda' : hp.uniform ('x reg lambda', 0,2),

"nthread': 4,

'objective': 'binary:logistic®,
'booster': 'gbtree',
"seed': time.time ()

“+

Figurel5: Objective Function and Search Space

trials = Trials{)
start_time = time.time()
best = fmin(fn=okjective,

space=space,
algo=tpe.suggest,
max evals=1000,
trials=trials)
print {best)
print{"-—— %s seconds ---" % (time.time(} - start time))

Figurel6: Trials Method and Optimisation Algorithm

{'max depth': 11, 'x colsample bytree': 0.72330944410783489, 'x gamma': 0.44228358713231593,
'x_reg lambda': 1.629283178764l6, 'x_subsample': 0.82892148095594812}

Figurel7: Example lyperparameter output

5.2.2XGBoost Notebook

'x_min child': 23.0,

As with the hyperparameter optimisation, the XGBoost notebook begins with importing the

necessary packagesigurel8, and importing the input data;igurel.
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import numpy as np # linear algebra

import pandas as pd # data processing, CSV file I/0 (e.g. pd.read csv)
import seaborn as sns -
import matplotlib.pyplot as plt

import xgboost as xgb

from xgbcost import plot importance, plot_tree

from sklearn.metrics import mean squared error, mean absclute error
plt.style.use('fivethirtyeight')

import time

Figurel8: XGBoost package import

dateparse = lambda dates: pd.datetime.strptime (dates, "%d/%m/%¥ %H:%M'")

df = pd.read esv('C: \\filepath\\input_datal. cav',index col=0,date parser=dateparse)
#df. index=pd. to datetime(df{'Date"])

print {df.head (10))

print {df.dtypes)

Figurel9: XGBoost input filepath

The date at which input data is split needs to be specified. This is by the Split Date which
determines when the training data is separated from the test data. The End Date then
specifies when therediction ends. In this exampléhe prediction is for one day,*1July
2015,Figure20.

split _date = '2015-07-01'

end date = '2015-07-02°'

train = df.loc[df.index <= sgplit date].copy()
test = df.loc[df.index > split_date].copy()

Figure20: Splitting the input data into training andest sets

As with the hyperparameter optimisation noteboothe features applied in the forecast
need to be definedFigure21. These should match the column headingshia input file. In

this example bank holiday in England and Wales are included, and one hot encoding on the
day of the week.

def create features(df, label=None):

Creates time series features from datetime index
wwn

df['date’] = df.index

df["hour'] = df['date'].dt.hour

df["daycfweek'] = df['date'].dt.dayofweek
df["quarter'] = df['date'].dt.quarter
df["month'] = df["date"'].dt.month

df["year'] = df['date'].dt.year

df["daycfyear'] = df['date'].dt.dayofyear
df["daycfmonth'] = df['date"].dt.day

df ["weekofyear'] df["date"] .dt.weekofyear
df ["Temperature'] = df['Temperature"]

#df{ '"Wind Pover'] = dff'Wind Power']
df["Monday'] = df['Monday"]

df['"Tuesday'] = df['Tuesday']
df ["Wednesday'] = df['Wednesday']
df['"Thursday'] = df['Thursday"']

df["Friday'] = df['Friday"]
df['Saturday'] = df['Saturday"']
df["Sunday'] = df['Sunday"”]

df['Holidays'] = df['Holiday"']

X = df[["hour", "daycfweek", "'month', "year', 'quarter"',
'dayofyear', "dayofmonth', "weekofyear', 'Temperature',
'Monday"', 'Tuesday', 'Wednesday",

'Thurzday', "Friday', 'Saturday”, 'Sunday"', 'Holiday']]
if label:

vy = df[label]
return X, y
return X

Figure2l: Feature definition
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XGBoost is then trained. The parameter the forecast is for is specified Figtge22. The
training function is then updated with the optimal parameters from the hyperparameter
optimisation,Figure23.

X _train, y_traim = create_features(train, label='Load')
X test, y test = create features(test, label="Load'})

Figure22: Setting up training
start = time.time()

#tuning parameters from hyperopt

reg = xgb.XGBRegressgor (n_estimators=1000,n_jobs=3, max depth=%, x colsample bytree = 0.864149076142802,
x_gamma = 0.1822602040528707, x min child=19.0, x reg lambda = 1.423%996374313407,
h_subsample = 0.8797950284970765)

reg.fit (X train, y train,
eval set=[ (X train, y_train), (X test, y_test}],
early stopping_rounds=50,
verbose=True) # Change verbose to Trus if you want to sse it train

elapsed = time.time ()
elapgsed = elapsed - start
print ("Time spent in (functicn name} is: ", elapsed)

Figure23: Training function

The prediction can then be run.

start = time.time ()

test['Prediction’'] = req.predict (¥ test)
fullset = pd.concat([test, train], scrt=False)

elapgsed = time.time ()

elapsed = elapsed - start
print ("Time spent in (function name) is: ", elapsed)

Figure24: Prediction function

There are then a number of options for whedn be outputted. The prediction overlaid on
the entire dataset is an optiorFF{gure25), as well as the prediction and actual data for the
specified time horizonHigure26).

_ = fullset[['Load’, 'Prediction']].plot (figsize=(15, 3)
| oad
== Prediction
12
10
B8
&
4
-p"“n\ -p"'"“a -p\“"a‘) -p\"@ ﬂxu“q -@\"\'\ ‘px‘);,x ‘E\‘:Q,) p\aﬂ’ ,p\s'“‘l
Date

Figure25: MW Prediction overlaid on dataset
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# Plot the forecast with the actuals

£, ax = plt.subplots(l)}

f.set_figheight (3)

f.set_figwidth(13)

_ = fullset[['Prediction’, "Load"']].plot (ax=ax,
style=["'-","."1}

ax.set_xbound (lower='2015-07-01", upper="2015-07-02")

ax.set_ylim(0, 20)

plot = plt.suptitle('Forecast vs Actuals')

Forecast vs Actuals

0.0
=== Prediction

175 *  Load

150

\5 B N o
o o o o o

Figure26: MW Prediction and actual values for specified tinterizon

The Mean Squared Error, Mean Absolute Error, Root Mean Squared Error, and Mean
Absolute Percentage Error can either be calculated within the notebook, or the calculations
can be applied manually to the predicted data. The syntax for including ttedselatiors in

the notebook is shown belovikigure27.

mean squared error(y true=test['Load'],
¥_pred=test['Prediction'])

mean absolute error(y true=test['Load’'],
¥ _pred=test['Prediction’])

from math import sgrt

rmse==zqrt (mean squared error(y true=test['Load'],
y_pred=test['Prediction']))

print (rmse)

def mean absolute percentage error(y true, y pred):
"""Calculates MLPE given y true and y pred"""
y_true, y_pred = np.array(y_true), np.array(y_pred)
return np.mean(np.abs((y_true - y pred) ! y_true)) * 100

mean absclute percentage error(y true=test['Load'],
y_pred=test['Prediction'])

Figure27: Error calculations

5.2.3Influence of Features

Features and their importance have already been introduced in Se8i®mand here results
from initial Use Case testing are provided to show the importance of different features. The
results shown are for UC2, Cardiff South BSP for a one month ahead predictiodsdhe
Case is set up as defined for Forecast Period 1 in Sek#ind three sets of features are run.
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Each builds on the last by adding new features to the list, ratmen by replacing previously
tested features.

1 Baseline: hour, day of week, quarter, month, year, day of year, day of month, week
of year;

1 Round 2: temperature, one hot encodi@ection3.3) and holidays;

1 Round 3: wind and solar outpabllected from weather sources and wind and solar

physical modefS.

The importance of the features on the prediction for these three rounds of testing are
shown inFigure28. With the basic feature set in the Baseline té¢be day of year is most
important, followed by the hour. With the introduction of temperature, holidays and one
hot encoding in Rawd 2, the day of the year and the hour remain the most important
features, followed by temperature. With the introduction of wind and solar output in Round
3, the importance of the features changes, with temperature becoming the most important
feature in he prediction. This change in importance reflects the methods ability to detect
trends in the input data and predict based on those trends.

Feature importance

Feature importance Feature importance
dayofycar |- ;0 Temperature 48764
i, hour
aayoryear [ > o ] 7 1
Temperature I 330
hour _153 dayofweek INEEG— 300
w o dayofmonth __259 "
o 62 @ weekofyear 105 A
£ dayofweek - £ o .-BD g
w° t-] Thursday B25 =
@ "'ee""”ea'.sa 3 Friday J19 o
& o 2

y
Holiday §19 Wednesday 1766
dayofmonth .44 year 16 Tuesday 717
day 114 weekofyear 1629
Tuesday I
auarter |19 Saturday 112 Soturday 453
Wednesday |9 Holiday 68

o 100 200 300 400 500 600 0 100 200 300 400 500 600 700 0 10000 20000 30000 40000 50000
F score F score ot

Figure28: Left¢ baseline, Centre; Round 2, Right Round 3

The prediction itself becomes much more in line with the actual values for the test period,
Figure29.

18 https://www.renewables.ninja/

42


https://www.renewables.ninja/

“’““"E.',’?.}‘.’.E.}'z.ou FORECASTING EVALUATION REI

EFFS FZ444/444/4422444444444444444442444444
00
173 —— :;:ﬂm

MW
~ 5 K
v o e
»
Ly

3
”

~

»

>
L2

o

3 1 N S o
o° ot Pt o o gt? n* ot
" e N N N o o N
*® ® ® ¥ » ® * o
Date
200
1.8 — Prediction
’ e
150
&
23 N
=
Z 00
73 '
20
25
. Q > \J ) '
) A0 P AN RS 43 A" 47
o o o o5 o o8 o0
o o o 2V = o oV oV
Date
00
7 — Prediction
Load
15.0
-
us N &
§ 120
s
30
25
s > \ 8 2
o o P ot o o? ot o\?
o Yl Y e A > N N
¥ » ® P * o L *
Date

Figure29: ActualMW versus PredictedMW. Top¢ Baseline, Middleg Round 2, Botton; Round 3

Finally, there is an impact on the metrics. The Root Mean Squared Error (RMSE) values for
each of the three tests are shown rablel. The RMSE is the standard deviation of the
prediction errors. The equation used is:

YO YO Q &

Wheref represents the forecasted value andepresents the actual value.
Tablel: Feature impact on RMSE

Baseline 0.902 @ 7.152
Round 2 | 0.569 @ 3.517
Round 3 0.647 @ 4.466

The impact on the RMSE by introducing temperature, one hot encoding and holidays shows
a reduction of 37%. Interestingly, by providing more information in Round 3 the RMSE has
increased by 14%. This shows that while introducing more data can be benafidial
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improve accuracy, it can also have a detrimental effect. In this instanhceuld be that
there is limited wind and solar generator connected behind the BSP meaning that trends
found are not relevant for the prediction in the loach&temperature renains an important
feature, however, as changes in temperature impact on load.

5.2.4Influence of Training Dataset Length

The length of the training set can also impact the accuracy of the prediction. The Use Cases
were designed with two forecasting sets, one with a longer training period, and one with a
shorter training period. The point of which was to determine the imptet differing
datasets had on a prediction for the same Use Case. Considering UC2, as in the previous
section, the forecasts are defined in the Use Case description in Sdctamnecast 1 uses 12
months of historical data in the training set, whereas Forecast 2 uses six months of historical
data. The ranking of features does not change significantly for the different training sets,
Figure30.

Feature importance Feature importance
dayofweek -62 dayofweek

Features
Features

weekofyear .56 dayofmanth
dayofmonth .44 month W16
quarter I19 quarter 14
0 100 200 300 400 500 600 ] 100 200 300 400
F score F score

Figure30: Feature Importance. Left Forecast 1, Right Forecast 2

The prediction improved with the shorter training set in Forecastig@ure31. This is echoed
in the RMSE values for the two forecasiaple2, where a reduction of 35% is seenthe
RMSE for Forecast 2.

Table2: Training set length impact on RMSE (Month ahead forecast)

Forecast1 @ 12 months 0.902
Forecast2 | 6 months 0.581
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Figure31: ForecasMW versus actuaMW data. Topg Forecast 1. Bottong Forecast 2.

While the conclusion can be drawn that the prediction may be better for shorter time
horizons when using a shorter training set, the same cannot be said for longer time horizons.
If we congiler one of the transformers for Use Case 1 (discussion on analysing GSP
transformers individually can be found in Sectibdland Sectior8.4) the RMSE decreases
when using the shorter training set. Given that UC1 initially investigates six months ahead,
having more data available to facilitate that prediction helps to improve tr®i@cy. The
RMSE is shown ifable3, and the forecast versus the actual data is showRigure32.

Table3: UCI¢ Impact of Training set length on RMSE (month ahead forecast)

Forecast 1 12 months 12.50
Forecast 2 6 months 13.23
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Figure32: UCI¢ ForecastMW versus actuaMW data. Topg Forecast 1. Bottong, Forecast 2.
5.3. LSTM Notebook Development

5.3.1Hyperparameter Optimisation

As with the XGBoost hyperparameter optimisation, it is first necessary to import the
packages requiredsigure33.

| from _ future_ import print_function
from hyperopt import Trials, STATUS_OK, tpe, space_ewal
import keras.optimizers, keras.initislizers
from keras.regularizers import 12
from keras.callbacks import EarlyStopping, ModelCheckpoint
from keras.layers import LSTM
from keras.layers_core import Dense, Dropout, Activation
from keras_modsls import Sequential
from keras_ utils import np_utils
from sklezarn.preprocessing import MinMaxSceler
from pdb import set trace as debug
from hyperas il]port._nptim
from hyperas.distributions import choice, uniform, conditional
import numpy, Jjson
gimport globalvars
import pandas as pd
import time

Figure33: Hyperparameter optimisation package imports
It is then necessary to import the data for tunirigigure34. This should be in csv format. A
full file path is not required, howevethe name of the file is, and it should be stored in the

same location as the notebook file. The parameter that therngris for should be specified,
inthisexampleA '’ Aa F2NJ a[2FREX YR (GKA&a akKz2dzZ R Y (
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The dates for which the split between the tuning dataset and the validation data set are also
specified here.

def datal):
exchange data = pd.read csv('Prince Rock full one hot temporal .csv')
exchange datal["Date"] = pd.te datetime (exchange data["Date™], format="%d/%m/%Y %H:%M")

¥ Data must ke dats ascending cldsst to newest, may reguirse sorting in some casss

ind exchange_data = exchange_data.set_index(["Date"])

df = ind_exchange datal["Load"]]

# All input data traini izta frams
c 1=}

¥ ¥nown as Tuoning Set in Hypser Opt

train = df loc['2014-06-01 0O0:-00:00":"2015-06-24 23:30:00"]
printi{train.size)

# Mnown as Validatisn 5=t in Hypear Opt

test = df _loc["2015-06-24 00:00:00":"2015-06-30 Z23:30:00"]

# transform train

sc = MinMaxScaler (feature range={-1, 1}]
train scaled = sc.fit_transformitrain)
®x_train s = train_scaled[:-1]

X _train = x train s.reshape (= train s.shape[0], 1, x_train s.shape[l])

¥_train = train scaled[1:]
¥ tr o t = ¥ train.reshape(y train.shape[0], 1, ¥ train.shape[l]]

print("Size of true output training set”, ¥ train.size, ¥ tr o t.size)

sc_test = MinMaxScaler(feature range=(-1, 1]}

te;t_nuput_scaled = =o_test. fi;_transfaml:test]

® test 1 = test ouput scaled[1l:]

x:tes B = x_test:i -re SEapE {x test i_shape[0], 1, x_test i.shape[l])
¥_test= test_ouput scaled[:-1]

return (x_train, ¥ _train, x test, y test)
Figure34: Data import

The hyperparameter optimisation function is then developethown inFigure 35. The
Hyperopt function, implemented in Hyperas, allows foBayesian inference approach to
finding the optimal features for the LSTM model. The choices presented are from experience
and are by no means exhaustive, therefore expanding these selections could yield better
metrics. In this case, metrics refer to thepgmvement of mean squared error.
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def model (x_train, ¥ _train, x_test, y_tast]:
#5slact Segeuntial Modsl
model = Seqguentiall()
#¥ All optimisation warisblses ars prassnted as dictionsry of choices in the structure shown, they can be
## axpandsd for thse
#¥ choices highlighted, to add esmxtrs options pleass consult the Hyperas documsntation.
## Choics highlighted: Numbsr of Neurons in tha hiddsn laysr
model _add |
LETM({{{choice([10, 20, S50, 1001}}}, input shape=(1l,x train.shapel[l]), return seguences=False})
model _add (Activation("relu'))
## Choice highlighted: Reguirement for further hidden laysrs and subsequent actiwvetion
if conditional({{choice(['one"', "two'l}}}) = "two':
model _add(Densze({{cheoice ([10, Z0, 30, 100131}1})
model _add (Activation('relu')]

model _add (Dense (1))

## Choice highlighted: Optimisation bounds
adam = keras.optimizers_Adam(lr={{choice{[10 ** -&, 10 ** -5, 10 ** -4 10 ** -3 10 ** -3 10 ** -1])}1},
clipnorm=1.)
rmsprop = keras_ optimizers BEMSprop(lr={{choice ([10 ** -& 10 ** -5 10 ** -4 1§ ** -3 10 ** -2 10 ** -1]111}.,
clipnorm=1_}
sgd = keras.optimizers SGD{lr={{choice([10 ** —-&, 10 ** -5, 10 ** -4 10 ** -3, 10 ** -z 10 ** -1]}}},
clipnorm=1_)

choicewval = {{choice(['adam', '=gd', '"rmaprop'l)}}
#£ Choics highlighted: Which sptimisstion technigqus to smploy with chosen bounds
if choicewval = "adam":
optim = adam
elif choiceval = 'rmsprop':
optim = rmsprop
else:

optim = sgd

model _compile (loss="mean squared error', metrics=["accuracy'l,
optimizer=optim)

filepath = "weights mlp hyperas" + =str(l) + "_hdfs"

earlyStopping = EarlyStopping(monitoer="val loss', min delta=0, patience=20, wverbose=0, mode="auto")
checkpoint = ModelCheckpoint (filapath, mn;tnr='1ra'__agc', verbose=l, save best_only=True, mode="max')
callbacks_list = [earlyStepping, checkpointl

#Altering the spochs will improve performance but incrsass coverhead

hist = model.fit{x_train, y train,batch_size=l, epochs=10{, werbose=2Z, wvalidation data={x_test, y_test),
callbacks=callbacks li=t)

hl = hist_history

acc_ = numpy.asarray(hl['acc'])

loss_ = numpy.asarray(hl['loss'])

val loss = numpy.asarray(hl['val leoss"])

val_acc_ = numpy.asarray(hl['wal acc'])

acc_and_loss = numpy.column_stack({{acc_, loss_, wal_acc_, wal_loss_}]
score, acc = model.evaluate(x_test, y_test, wverbose=0]

print {"Final walidation accuracy:', acc)

return {'loss': -ace, 'status': STATUS O, "model': model}
Figure35: Hyperparameter optimisation function focusing on improvement of mean squared error

The main method is then developedshown in Figure 36. This runs through the
hyperparameter optimisation process to produce an output JSON file with the optimal LSTM
hyperparameters. These are then used in the LSTM model notebook.
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trials = Trials()

gdatas=dsata ()

£Altering the trails will improve the cptimsation process but increass the overall burdan

start_time=time. time()

best run, best model = optim.minimize (model=model, data=data, algo=tpe.suggest, max evals=l, trials=trials,
- - hotebock_pame='Eypeert_LS:M'} -

X train, ¥ train, X test, ¥ test = datal)

print ("X Train Size",X train.szize)
print{"Y Train Size",X train.gize)
print ("% test Size",X test.size)
print{"Y test Size",Y test_size)

print{best_model _evaluate (¥ test, ¥_test))

print ("Best performing model chosen hyper-parameters:™)
print{best_run)

json. dumpibesat_run, open("best_run.tzt", 'w'))

end time=time.time()-start_time
print {"Tuning Time", end_time, "3")

Figure36: Hyperparameter optimisation main method function
The output is as shown Figure37. This should be interpreted as:

1 Dense: This refers to the options for the Dense \@ean Figure35. The available
options are 10, 20, 30, 100. The output of 2 means that 20 is the optimal choice for
this variable.

I LSTM: This refers to the options fttre LSTM variable ikigure35. The available
options are 10, 20, 50, 100. The output of 1 means that 10 is the optimal choice for
this variable.

1 Choiceval: This refer® the options for the Choiceval variable Figure35. The

2LI0A2ya |INB aGaFRIFIYéEXZ Ga3aRéX YR AGNXYALNNERL

algorithms. The outputof 1 mean&t- & &I RFYé Aa GKS 2LIGAYI €
T tNE t NPpmE YR fNpH NBFSN 2 2LIWGA2ya F2NJ

for choiceval, the Ir value applies. The third option for thisis 16m® L F G KS
option had been chosen timethe Ir_2 value applies.

These variables refer to the LSTM architecture that is described in Séctiorht Reference
ource not found.

Bast performing model chosen hyper-parameters:

{"Denge’': 2, "LSTM": 1, 'choiceval': 1, "conditicomal': 1, "lr": 3, 'lr 1°": 0, 'lx Z": 1}

(4% ]

Figure37: Optimal hyperparameter output
5.3.2LSTM Notebook

As with the hyperparameter optimisation notebook, the LSTM notebook starts with the
necessary package importsigure38. The input data is then specifieldigure39.
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import pandas as pd

import numpy as np

from sklearn.metrics import mean squared error
from sklearn.metrics import mean absclute error
from matplotlib import pyplot - -
import matplotlikb.pyplot as plt

from pdb import set trace as debug

from sklearn.preprocessing import MinMaxScaler
from sklearn.metrics import rZ score

from keras.models import Sequential

from keras.layers import Dense

import keras.cptimizers, keras.initializers
import keras.backend as K

from keras.callbacks import EarlyStopping

from keras.layers.core import Dense, Dropcocut, Activation
from keras.cptimizers import Rdam

from keras.models import lcad medel

from keras.layers import LSTM

from math import agrt

import time

Figure38: LSTM package import

#Data to be used
exchange data = pd.read csv('Prince Rock full one hot just mwmvar.csv')
exchange data["Date"] = pd.tc _datetime (exchange data["Date"], format="%d/%m/%Y %H:%M")

E Da et 11 = Iinag oldast o - ¢ R 0 = e a4 e =
¥ Data must De date ascending oldest to newest, may reguirs sSortling 1n somsS Ca5ESs

ind exchange data = exchange data.set index(["Date™])

#Data to make predicticns on (Regressor Variable)
regressor df = ind exchange data
df = ind exchange data

#ind exchange data.head()

regressor_df.head(}

Figure39: LSTM input data

The training and test sets are then split by dates, and the predictors aneedefrigure40.

In this caseif the prediction is for the week ahead, then the previous seven days are
identified as predictors. If the prediction was for a month ahéaeh the previous 31 days
would be used as predictors.

The whole data train, the training dataset, and the test data set are then normakspde
41 - Figure43. The data is normalised to reduce the range that relationships are identified in.
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#3111 input date training data frame

train = df.loc['2015-04-01 00:00:00":"2015-06-30 23:30:00"]

print {train.size)

#Regressor variable data training data frame

r train=regressor df.lec['2015-04-01 00:00:00":'2015-06-30 23:30:00"]
fprint(r_train.size/5)

#Prediction example next 7 days hours based on last 7 days cbservations

#Select test outputs the actual cbservations
test = regressor_df.loc["2015-07-01 00:00:00":]

#Select predictors to regress modsl on
predictors = df.loc(['2015-06-24 00:00:00":'2015-06-30 23:30:00"]

r predictors= reqgressor df.leoc['2015-06-24 00:00:00":'2015-06-30 23:30:00"]

Figure40: Splitting the dataset into training and test sets

# transform train
# scale train and test data to (-1, 1]
zc = MinMaxScaler(feature range=(-1, 1})

#A11 Data Inputs
train scaled = sc.fit transform(train)

Step training data one time step inte the past

tr t = ¥_train.reshape(X train.shape[0], 1, X_train.shape[l]}

#
X _train = train scaled[:-1]
X

#5ingle Inputs to test ouput predicticons shift cne time step
2z 1 o = MinMaxScaler (feature range=(-1, 1)}

r train scaled=sc 1 o.fit transform(r train}

y_train o=r_train scaled[1l:]

¥ tr o_t=y train o.reshape(y train o.shape[0], 1, y train o.shape[l])
print {"Size of true output training set", y_train o.size,¥ tr o _t.size}

Figure41: Normalising the data train

sc_test = MinMaxScaler(feature range={(-1, 1))
test _ouput scaled=sc_test.fit transform(test)
¥ _test = test ocuput scaled[l:]

y_test.zize

Figure42: Normalising test data

zc pred = MinMaxScaler(feature range=(-1, 1})

pred input scaled=sc pred.fit transform(predictors)

x_pred = pred imput scaled[1:]

print (x_pred.size/5)

X _pred t= x pred.reshape(x pred.shape[0], 1, x pred.shape[l])

sc_r pred = MinMaxScaler (feature range=(-1, 1))

r pred input scaled=sc r pred.fit transform({r predictors)
r x pred = r pred input scaled[l:]

Figure43: Normalising predictor data

The LSTM model is then developstiown inFigure44. Here the neurons variable relates to
the LSTM value in the hyperparameter optimisation output and should be updated to match.
The same for the Dense variable. This should match the Daige in the hyperparameter
optimisation. The optimisation algorithm should also be updated depepon the
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model will train.

## LSTM Modelling

# Clear Heras Backend
E.clear =seszsioni)

# Design Network
model lstm = Sequential()

# First input is number of neurons in the first hidden layer
neurcns=10

# input shape, batch input size, data you want to train on

model lstm.add(LSTM(neurcns, input shape=(1l, X train.shape[l]), activation="relu',
kernel initializer="lecun uniform', return sequences=False})

model lstm.add(Dense(20))

medel lstm.add(Activation{'relu'}}

# Dense number is the cutput layer

model lstm.add(Dense(2))

adam = keras.optimizers.BAdam(lr=10 ** -4 clipnorm=1.)

#Compile Model
model lstm.compile (loss="mean squared errcr', coptimizer="adam')

#Summary
medel lstm.summary ()

opping— Step training when 8 meonitored gquantity has stopped improving.

t
Lz
0

nce = how many epochs before loss is neot improving
early stop = EarlyStopping(monitor="'loss', patience=3, verbose=l)

#Monitor Training Time
2tart time=time.time ()

#fit netvork

# Baitch size number of predictions you with to make

history model lstm = model lstm.fit(X tr t, y train o, epochs=l, batch size=l, werbose=l,
bhuffle=False, callbacks=[early_stop]}

#Training Time
end time=time.time()-start time
print ("Time Tc Train",end time)

Figure44: Creating LSTM model

The forecast can then be developed, and an output can be generated either looking at the
whole dataset, or just the time horizon for which the prediction is requiteidure45 and
Figure46.
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#Forecast Input Data dynamic

y_pred lstm=model lstm.predict(X tr t)

#y pred lstm single d=y pred lstm.reshape(y pred Istm.shaps[0])
#X t=st t single d=y train o.reshape(y_train o.shape{0])

y _pred=sc 1 o.inverse transform(y pred lstm)
y_actual=sc 1 e.inverse transform(y_train o)

x=1list (y_pred)

y=list (y_actual)

pyplet.plot (¥}

pyplet.plot (x)
plt.legend{['Reotual’, 'Predicted'])
pyplot.show()

10

8 4

11— Actual
| = Predicted

0 1000 2000 3000 4000

Time / Half hour

Figure45: Prediction function with Forecast versus Actual output
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#Forecast Input Data dynamic
y_pred lstm=mcdel lstm.predict (X pred t)
#pred lstm single d=y pred Isim.reshape(y_pred lstm.shape[0])

y_pred=sc_r_pred.inverse_transform(y pred_ lstm[:333])
y_actual=sc test.inverse transform(y test[:333])
#print (v _pred.size)

#print (v_actual.size)

x=list [y pred)
y=list(y actual)

pyplot.plot (v}

pyplot.plot (x)

plt.legend{["'MW_Actual", 'Mvar_ Actual’, 'MW_Predicted', '"Mvar_ predicted'])
pyplot.show()

AR

44— MW_Actual
Mvar_Actual
2 { =™ MW_Predicted
— Mvar_predicted

0 0 100 150 200 250 300 350
Time / Half hour

Figure46: Output for specified time horizon

Finally, the error calculations are performedgure4?.

rmse = sqrt(mean squared errcr(y_actual, y_pred))
print {'BMSE: %.3f"' % rmse}
FMAFPE

y_true, y pred = np.array({y_actual), np.array(y pred)
mape=np.mean (np.abs ({y_true - y_pred) ! y_true)} * 100
print{'mape: %.3f' % mape)

mae=mean absolute error(y true=y actual, y_pred=y pred)
print {'MAF: %.3f' % mae)

Figure47: Error calculation
5.3.3Influence of Features

The results shown are for UC2, Cardiff South BSP for a one month ahead prediction. The Use
Case is set up as dieéd for Forecast Period 1 in Sectiband three sets of features are run.

Each builds on the last by adding new features to the list, rather than by replacingysigvio
tested features.

i1 Baseline: hour, day of week, quarter, month, year, day of year, day of month, week
of year,
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1 Round 2temperature, one hot encoding (Secti@m) and holidays;
1 Round 3: wind and solar output collected from weather sources and wind and solar
physical modefS.

The predictions improve with the introduction ofare data as shown in the graphskigure
48. The improvement can also be seen in the RMSE for each round of tesTialgled.

15 4
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Time / Half hour
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: o | ﬁ j .1} ff‘
10 | | \ % \ !\1 sl
’ v"a M
6
4
2
0
) 298%;mc.i-rm{?mxggﬂgagdagge::gg‘m_gzi
Time / Half hour
-~ Predicted = Actual

Figure48: Actual versus Predicted. TapBaseline, Middleg Round 2, Bottomg Round 3
Table4: Feature impact on RMSE

Baseline 2.833
Round 2 | 2.644
Round 3 2.030

The impact on the RMSE by introducing temperature, one hot encoding and holidays shows

a reduction of 7%. The introduction of further features shows another reduction of 23% in

the RMSE. This shows that LSTM is able to identify trendg iadtiitional data and improve

on the errors calculated in the baseline testivghere it has failed to identify trends, as the
weekend days shows, more features specific to weekend rather than weekday could be used

to enable this pattern to be understooddb G KS [ { ¢aQad KARRSY fI & SNW®

5.3.4Influence of Training Dataset Length

Considering UC2, as in the previous section, the forecasts are defined in the Use Case
description in Sectiod. Forecast 1 uses 12 months of historical data in the training set,
whereas Forecast 2 uses six months of historical data. The prediction improves with the
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shorter training set in Forecast Ejgure49. This is echoed in the RMSE values for the two
forecasts,Talde 5, where a reduction of 17% is seen in the RMSE for Forecast 2.

TaHe 5: Training set length impact on RMSE

Forecast 1 12 months @ 2.833

Forecast 2 6 months 2.342

— Artual
16 - - Predicted
14 -
=
12 -
10 -
8 Q
0 50 00 150 200 250 300 350
Time / Half hour
— Actual
14 1 —— Predicted
B -
12 J
3
1 -
10 -
9 -
8 o
0 0 100 150 200 250 300 350

Time / Half hour

Figure49: Forecast versus actual data. Tqp-orecast 1. Bottong, Forecast.
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6. Database

This section capturethe database schemased for the historical data repository in the EFFS
forecasting methods evaluatiaolchain The requirements for the database include that it
can:

1 Be replicated by third parties, in thtase AMT Sybex/Capita. This requires a shared
schema and SQL scripts for creating the database.

1 Be used as part of the EFFS forecasting evaluation toolchain, including scripts, in the
form of Jupyter notebooks or Python scripts which populate the database from the
raw input data.

6.1. Data Sources
Data sources used during the initial design stage ireclud

I WPD Load and Generatiadiata for individual customers;
1 GSP, BSP, and Primary substation power flows;
I Weather data.

6.2. Technologies

SGS has selected the following technologies for the EFFS forecasting methods evaluation
toolchain:

1 PostgreSQLPostgreSQL & mature open source database with commercial support.
https://www.postgresqgl.org/

1 The TimescaleDB extensions to PostgreSQhe TimescaleDB extensions to
PostgreSQbvercomessome of the traditional issues witktoring large amounts of
time-series data within a classical relational databases://www.timescale.com/

1 PG Admin. The standard database admin tool that comes with PostgreSQL. All scripts
for creation of theEFFS forecasting methot®Ichaindatabases are presented

6.3. Installation

To install the database om MSWindows machine, simply following the instructions on the
TimescaleDB websitattps://docs.timescale.com/vl.2/gettingtarted

6.3.1.The first instruction deals with Installing.
The version that should be installed is version 10:

https://docs.timescale.com/v1.2/gettingtarted/installation/windows/installatioawindows

Once this version is selected the site will provikgails onhow to install Timescale for
Windows and to check that it has been installed correctly.

Prerequisites include:

1 The installation of PostgreSQL. SGS is currently using the latest version 10 build for
Windows.
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6.3.2.The next instruction deals with Setting up TimescaleDB.

https://docs.timescale.com/v1l.2/gettingtarted/setup

Follow the instructions on this page, creating a database with an appropriate name when
the following instruction is given:

CREATE EXTEMSIOM IF MNOT EXISTS timescaledb CASCADE;

An error will occur if this is entered verbatim. The following must be used:
CREATE EXTENSION IF NOT HEXI&StaledbWITH VERSION '1.2.1' CASCADE;

This should start timescale DB correctly and the screen showiigare 50 should be
displayed:

I.-
Y

'y s

N N _
L T A A A I
i i A S

Running version 1.2.1
For more information on TimescaleDB, please wizit the following links:

ht

b

N

Y
R

g

™

1. Getting started: https: - docs_.timescale.comsgetting—started

2. APl reference documentation: https:-- docs.timescale.comsapi

3. How TimescaleDB iz designed: https:-rsdocs.timescale.coms/introductionsarchite
Ccture

Mote: TimescaleDB collects anonvmous reports to bhetter understand and assist our
users.

For more information and how to disabhle, please see our docs https:-//docs.timesc
aledb.comsusing—timescaledbstelemetry.

Figure50: TimescaleDB start screen
6.4. Database Schema

The database schema is presented using entity relationship diagrams, shdvigune51,
Figure52, andFigure53. These diagrameapture the relationships between data archas
been used to derive the database schema. The schema issphovidedas an SQL script,
which, whenrunin PG Admin, will create an instance of the Efdt8base.

The database schema is basedaiayereddata architecture. Standard data architectures
transform data from foundation layers though to a presentation layer. In the case of the
work for EFFS, the following three layers are defined:

1 The found#&ion layer Figure 51): This layer contains the raw tinseries data;
configuration data from loggers; locational data; and classification of load groupings
per relevant sbstation;

1 The staging layef~{gure52): This layer contains cleansed datasets, and training and
test sets; and

1 The results/presentation layeF{gure53): This layer contains forecast results linked
back to training and test sets.
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TimescaleDB uses a spetigpertablerepresentation for time series data. It alsapporta
series of special tim series functions for the aggregation, up atalwn samplingof time
series data.
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Load_customers_data (Foundation Layer)
Load_ID (PK) Integer
Substation (FKg - |nteger PO - Historical_Profiles. (Foundation Layer) Raw_Input_Profile_Data (Foundation Layer)
Location (FK) Integer ; Types(Foundation Layer)
Substation_Type | GSP, BSP, Primar ValueType (PK) Integer 4 Profie_ID (PK) Integer 1D (PK) Integer
- " i yee F) v ! Name Swing _LPrulie 1D (FK) Integer
P . — e Descripton String Timestamp Dal:ﬂme
Subchannel String Descripton String —— e T g
Logger 1 integer Load (FK) integer A, i e e
Logger_name String ) Integer
i RawData Blob swingvalue string
Channel_name String ] MeteredFion integer ey (50 hoaer Sunavals s
Channel_nr Integer
Multiplier Real
License_area String
Customer_name _|string
Locations.
|+ {Tocation 1D (PK) _[Integer -
GridRet string
Generation_dala Easting eteger
Generator_ID (PK) _|Iteger ho—1 Northing Intager
Location (FK) Integer Description string
Substation (FK) | integer
HY_feeder String
MPANL integer Substation
MPANZ Integer + bsation_ID (PK)  |Integer -
Address String — Location (FK) Integer [
Feeder_nr integer Name String
Gen_type String Code string
Nr_phases String Description String
Installad_size Double Type GSP. BSP, Primary
Ni_units Double
installed_cap Double fsize x units)
Export_cap Double pYR——
Export_lim Double L {ToggerProfie_iD|integer
Running_amang - [Stnng Substation integer .
Status Sting Tye GSP. BSP, Primary
Commissioning_date [DDMMAYY et s
Enduiny teger Subchannel String
nfe DoMUY Logger_nr Integer
Alt_connection_type [String Cogger_name e
Old_enquiry_ret  [Integer Chanmel name i
oLl data_info DOMMYY Channel_nr Integer
Multiplier Real
LCT_by_primary
[CT_1ID (K integer
Subsation_ID (FK) | integer +Ho——
Name String
Cade string
Description Siring
Type GSP, BSP, Primary
cm Double
M Double
GM_perc Double
PM_perc Double
urban Bool
Suburban Bool
Rural Bool

Figure51: Foundation layer
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Historical_Profiles (Input Layer)

Cleansed_Profiles (Staging Layer)

FORECASTING EVALUATION REI

Profie_ID (PK)
Name
Descripton
StartDateTime
EndDateTime
RawData
ValueType (FK)

Integer
String
String
DateTime
DateTime
Blob

Integer

Cleasnsed_Profile_ID

Profie_ID (FK)
Name
Descripton
StartDateTime
EndDateTime

Integer
Integer
String
String
DateTime

DateTime

Cleansed_Profile_Data (Staging Layer)

Figure52: Staging layer

ID (PK)
Profie_ID (FK)
TimeStamp
IntValue
DoubleValue
StringValue
BoolValue

Integer
Integer
DateTime
Integer
Double
String
Bool
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Types(Foundation Layer)
ValueType (PK) Integer
Unit String
Descripton String
Load (FK) Integer
Geneation (FK) Integer
MeteredFlow Integer

FORECASTING EVALUATION REI

Figure53: Output layer

Cleansed_Profile_Data (Staging Layer)

Cleansed_Profiles (Staging Layer)
Cleasnsed_Profile_|D| Integer
Profie_ID (FK) Integer _’—l—é
Name String
Descripton String
StartDateTime DateTime
EndDateTime DateTime
ValueType Integer

1D (PK) Integer
Profie_ID (FK) Integer
TimeStamp DateTime
IntValue Integer
DoubleValue Double
StringValue String
BoolValue Bool

Forecast Data (Output Layer)

Forecasts (Output Layer)
Forecast_ID (PK) Integer
Name String _’—l—é
Descripton String
StartDateTime DateTime
EndDateTime DateTime
ValueType (FK) Integer

1D (PK) Integer
Profie_ID (FK) Integer
TimeStamp DateTime
IntvValue Integer
DoubleValue Double
StringValue String
Boolvalue Bool
Traing Bool
Output Bool

Test Bool
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6.5. Instruction for database creation:

Open PG Admin, the version used in this example is pgAdmin3 LTS by BigSQL, it is the
default window 7 install. Other versions can be used, but the instructions may slightly vary:

1. Configure the local host, a timescaleDB database would have been created in Section
6.3and shown irFigure54. If a local host does not exist, one may need to be created
- upon creation refresh the application and it should find any local PostgreSQL
database;

2. Right click on the database, a series of options are presented. Select soceigte as
shown inFigure55;

3. Copy and paste the script attached, into the new script and save with an appropriate
name, click the green play button to run, as showFfigure56;

4. The database with the aforementioned schema has been updated and is shown in
Figure57.

The database is now ready to be populated with data and used as part of the forecasting for
input data method.

¥ pgtdmin3 LTS by Big5SQL
File Edit Plugins View Tools Help

& alt-"

- _

A | =
: L) u/
i w) (= oro! =
s = Properties | Statistics Dependencies Dependents
erver Groups
B@ Servers (1) Property Value
B:] localhast (localhost: 5432) Mame effs
|- Databases (2) oD 16384
B Catalogs (2) Owner postgres
: : ACL
E)(tE!WSIDI'lS @ Tablespace pg_default
s, Poreign Data Wrappers Default tablespace pa_default
@ Schemas (&) _ -
¢ - l8 slony Replication (0) Encoc!mg '-'TFB .
_J postgres Collation English_United Kingdom. 1252
[, Tablespaces (2) Character type English_United Kingdom, 1252
EEI--- Group Roles {5) Default schema
-4 Login Roles (1) Default table ACL
Default sequence ACL
Default function ACL
Default type ACL
Allow connections? Yes
Connected? Yes
Connection limit -1
System database? Mo
Comment

Figure54: Configure localhost
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) pgAdmin3 LTS by BigsQL - T

File Edit Plugins View Tools Help

O - PER S|P D
M“’"“m]smm [Dependences | Dependents |
Server Groups
= E Servers (1) Property Value
E-[il localhost (ocalhost: 5432) = Name affe
EIIE_] Databases (2) =0m 15384
EI%] Refresh waner postares
: =lACL
Mew Object ¥ = Tablespace pag_default
IZ—:I"% Disconnect database i Defﬁu!t tablespace pg_default
= Encoding UTF3
Delete/Drop... = Collation English_United Kingdom. 125:
Search ohjects.., :=|Character type English_United Kingdom, 1252
E'E :=|Default schema
CREATE Script = Default table ACL
Reports 1 := Default sequence ACL
Maintenance... :=|Default function ACL
:=|Default type ACL
Backup... = Allow connections? Yes
_ Restore... = Connected? Yes
{i =|Connection limit -1
@] po Properties... :=|System database? Mo
[EI-- Table s e = romment
[¥l-fZ Group Roles (5)
I:EI--- Login Roles (1)

Figure55: Create script
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;E; Query - effs on postgres@localhost:5432 - [Ch\Users\meollins\Documents\effs_database.sq]
File Edit Query Favourites Macros View Help

IE",? .| @& ‘ o | & n'l ﬁ| b &Ps h %E | | ‘ ‘ | @ |§||:|eﬁsonpostgres@lcmlhost:5432 E
|| SQL Editor | Graphical Query Builder
Previous queries

| effs_databasesgl < |

-- Script to create tabkles and index EFS LB
-- Agsumed that timescale extensicns have been added to Postgress con the EFFS database

-- Create Profile Tables with primary keya:
CROP TABLE IF EXISTS raw_input_profile_data CASCALE;
EICRERTE TZABLE raw_input_profile_data(
profile_id INT,
time TIMESTAMFTZ NOT NULL,
intwvalue INTEGER,
doublevalue DOUBLE PRECISION,
stringvalue TEXT,
Boolvalue BOOLEAN
-1
CROP TABLE IF EXISTS historical profiles CASCALDE;
Bl CRERTE TRBLE historical_profilea(
profile id SERIAL PRIMRRY KEY,
nams TEXT,
description TEXT,
startdatetime TIMESTAMPTZ,
enddatetime TIMESTAMPTZ,
rawdatapath TEXT,
valuetype INT
i
DROF TABLE IF EXISTS effs_types CASCADE;
EICREATE TLBLE effs types(
valuetype SERIAL PRIMARY EEY,
unit TEXT,
load INT,
generation INT,
meteredflow INT
Ly
DROF TABLE IF EXISTS locations CASCADE:
EICREATE TABLE locations(
location_id SERIAL FRIMARY KEY,
gridref TEXT,

< I

Qutput pane [effs_database.sql]

| Data Output | Explain | Messages | History |

create_hypertable
record

1 (3,public,cleansed profile data,t)

Figure56: Update and save database creation script
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T paAdmin3 LTS by BigsQL st © com oo o —

File

il

6.6. Python SQL Interface

Edit Plugins View Tools Help

7
=

%GO EE S
Object browser x - I~ .
R e

=3 @ Servers (1)

=[]l localhost (ocalhost: 5432)

EX

=

[

E| Databases (2)

=8 . Catalogs (2)

[~ € ANSI {information_schema)
---O PostgreSQL {pg_catalog)
Extensions (2)

) plpgsal

! timescaledb

@ Foreign Data Wrappers (0)

Schemas (&)
; - & _timescaledb_cache
v € _timescaledb_catalog
+]- @ _timescaledb_config
- @ _timescaledb_internal
- public
i % Functions (52)

deansed_profile_data
deansed_profiles
effs_types
forecast_data
forecasts
generation_data
historical_profiles
lct_by_primary
load_customer_data
locations
metered_flows
raw_input_profile_data
[ substations

% Trigger Functions (0)
ll_j_@ Views (0]

[ € timescaledb_information

....1&:, Slony Replication {(0)
H-_) postgres

(-1, Tablespaces (2)

EJ--- Group Roles (5)

[+, Login Roles (1)

)
®
o}

Property Value
effs
16384
postgres

“=ACL

E pg_default

pag_default

UTF8

English_United Kingdom. 1252
English_United Kingdom. 1252

:=|Default table ACL
:=|Default sequence ACL

efault function ACL

:=|Default type ACL

:=/Allow connections? Yes
onnected? Yes
onnection limit -1

:=|System database? Mo

:=|Comment

<

Figure57: EFFS Database

LU

The database will interact with the forecasting methods by way of a py8©QL IO. It was

explained in the toolchain. When data is to be extracted from the database the following
instruction set.

6.6.1.Python SQL Input Instructions

Try:

except (Exception,

connection = psycopg?.connect (user = "postgres",
password = "',
host = "127.0.0.1",

port = "5432",
datakbase = "eff=s")

cursor = connection.cursor()
print | c.cmnecticm.get_dsn_parameterst},"\n"}

''!' Thi=s Sets up the connection with the data base

# The Example instruction allows for data to be submitted to the database
for x in range forecast data

input="INSERT into forecast_data (profile id,time) VALUES (forecast_data[0], forecast_datal[l])}"

cursor.execute (input)
connection.commit ()

psycopg2.Error) as error :

print ("Error while connecting to Postgre3SQL", error)

finally:

#closing database connection.
if (connection) :

cursor.claose ()
connection.close ()

print ("PostgreSQL connection is closed")

Figure58: Python SQL Extract From Database
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try:
connection = psycopgl.connect (user = "postgres",
password = "",

host = "127.0.0.1",
port = "5432",
database = "effs")

cursor = connection.cursor()
print | connection.get_dsn_parameterst},"\n"}
$ Print PostgreSQL wversion
" This Sets up the connection with the data base
# The Example instruction allows for data to be extracted from the datakase
$0nce the database has been populated update the call for multiple records
output="select * from raw_input profile data"
cursor.execute (output)
record = cursor.fetchall ()
for x in range (len(record)):
if(record[l]==1):
MW_in.append(record[4])
else:
temp in.append (record[4])

except (Exception, psycopgl.Error) as error
print ("Error while connecting to PostgreSQL", error)
finally:
$clozing database connection.
if (connection):
cursor.close ()
connection.claose ()
print ("PostgreSQL connection is closed"™)

Figure59: Python SQL Insert to Database

The 1/0 can now be used to pull information into the forecast methods and save data from
the forecasts into the database.

6.7. Populating the Database

The structure of the database will be used to ptate the database correctly, where
primary keys will be used as foreign keys in the foundation layer schema to establish the
correct links. Therefore, metadata is required to be populated first, as this will be used as
database signposting to enable eféiot extraction of data.

The ordering of this establishment is important, measurement data must beditk an
existing asset, therefore location data of all substation/transfornaesestablished first, be
it GSP, BSP, Primary, Load or Generator tramsfis.

Then for each substation/transformers their type is established and finally the associated
information, measurements can be established.

After which, the raw time series data can be updated pustadataset up. Each table will
be discussed with exnples of how the shown in the database schema operate, and how
metadata is established.

6.7.1L ocation Data

The first table in the foundation layer to be populated is the Location table, presented in
Table6, with Prince Rock as an example:

Table6: Location Table

9

weu Arewund
apnine|

uonduosap
apnmnbuoj

-
o
o
2
(@]

I:
=

1 South West Abham GSF Plymouth BSF Prince Rock Prince Rock 50 -4
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The parameters are as follows:

Location_id:This is the primary key, each unique location record will be assigned one of
these.

Area: The licence area assets will be associated with and the geospatial location. For WPD
these areas are:

1 South West;

1 South Wales;

1 West Midlands;
1 East Midlands.

gsp_nameThis assigns the associated GSP name to the data.

bsp_name:This assigns the associat8Bname to the data, if there is not one, for example

a GSP entry, this will be left null.

primary name:¢ KA &4 FaadA3dya GKS aa20AF3dS LINAYIFNE yI
example a BSP entry, this will be left null.

Description: This is the unique name identified for the entry, for GSP, BSP, and Primaries a

good convention is to maintain these IDs. Where things may differ is for generators or load
customers.

Longitude/LatitudeY ¢ KA & Aa (GKS RI{F L2dsghiedlslongitSde 3 NI LIK .
and latitude by decimal degrees. It is suggested that all points are converted to this
referencing before entry to ensure standardisation. However, if an alternative referencing

was desired it could be achieved by updating these datatemtries.

6.7.2 Substation Data

The second table in the foundation layer to be populated is the substation data table
presented inTable7, using Prince Rock as an example.
Table7: Substation Data

substation_id location_id description type

1 1 Prince_Rock 3

The parameters are as follows:

Substation _id This is the primary key, each unique substation record will be assigned one
of these.

Location_id This is the foreign key, each substation that relates to the same location will be
assigned the foreign key respective of this location and the description assigned. This allows
for substations to be sorted by location.

Description This is tk unique name identified for this entry, although not entirely required
as it can be inferred from the foreign key, it is used for reference to make stine obrrect
assignment.

Type:This defines what type of substation it is. There are 5 types:
GSPY)

BSP (2)

Primary (3)

1
1
1
1 Generator (4)
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1 Load (5)
6.7.3.Metered Flow

The third table is the metered flow table, the metered flow data establishes the metered
flows at the substation, typically electrical parameters, howetl@s is extended to include
weather data measurements for the site also. An example is showahie8.

Table8: Metered Flow Tables

profile_id substation type channel

1 1 3 PRINCE ROCKCB 27/19Power MW
2 1 3 PRINCE ROCKCB 27/19Power MVAr
3 1 3 MOUNT BATTEN Weather Station

The parameters are as follows:
Profile_id: This is the primary key and unique Identifier to the meter flow.

Substation_id:This is the foreign key identifying the metered flows with the substation it is
associated with since there can be multiple measurements at a substation.

Type:This is the type of substation associated with the metered flow.

Channel:This § the defined channel that records the metered flow, this can be drawn from
Data Logger, Met Office or any channel providing information for the metered flow.

6.7.41L.oad Customers

The fourth table is for the Load Customers. These are typically large custorhese w
imports have a significant effect on network operatipmisie to being directly connected
Their data structure is presented Trable9, usingBombardier 3%V asanexample.

Table9: Load Customer Table

load substat locati substation_ channel licence_a | customer_name
_id ion on type rea

1 2 2 Primary Customer Metering CB East Bombardier 33kV

Nol MVA Midlands MW/MVAR/MVA

The parameters are dsllows:
Load_id:The primary key uniquely identifying the site.
Substation_id:The foreign key assigning the customer to a substation.

Location_id:The foreign key assigning the customer to a location (this can vary from the
substation and cartherefore require a separate location reference).

Channel:The channel which measurement data is associated.
License AreaAs titled.

Customer NameAs titled.

6.7.5Generator Customers

The fifth table is for the Generator Customers. These are typically targ®@mers whose
exports have a significant effect on network operatipdsie to being directly connected
Their data structure is presented imablel0, usingALLER COURT 33kV SOLAR RARM
example
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Tablel0: Generator Customer Table

generator_id substation location gen_type installed_cap

1 3 3 ALLER COURT 3BOLAR FARM 20

Load_id:The primary key uniquely identifying the site.
Substation_id:The foreign key assigning the customer to a substation.

Location_id:The foreign key assigning the customer to a location (this can vary from the
substation and cartherefore,require a separate location reference).

Channel:The channel which measurement data is associated.
License AreaAs titled.

Customer NameAs titled.

6.7.6LCT By Primary

The sixth table is Load Customers By Primary. This holds data on the prifoartes
number of customers associated with each primary. This was created to highlight how
external information can be linked to the core forecasting objects. This was not populated
during the project.

6.7.7 Effs_Types

The seventh table is the EFFS Typestabhich determinsthe types of data that the EFFS
forecasting methods will forecast for, however, as part of the forecasts, supplementary
parameters are considered as a type. The full list is, for each GSP, BSP, Primary, Generator
and Load customers:

1 Uses and Forecasts
o MW
o MVAR
1 Only uses:
o Voltage
o Amps
o Temp
o Solar Irradiance
o Wind Speed
o0 Wind Direction

An example from Prince Rock is showiTalell.
Tablell: Effs_Types Data
ValueType MeteredFlow Unit  Description Generation  Load

1 1 MW PRINCE ROCKCB 27/19Power MW

6.7.8 Historical Profiles

The eighth tableTablel12, assigns metadata associated with the measurement data. Given
an overall summary of what it contains and signposting it to the relevant external tables.

Tablel12: Historical Profiles Table

Profile ValueT Name Description StartDateTi EndDataTim

_ID ype me e
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1 1 1 PRINCE ROCKCB PRINCE ROCKCB 01/01/2014 15/02/2018
27/19Power MW 27/19Power MW 00:00 23:30

The parameters are as follows:

Profile_ID:The unique primary key for the historical profile entry.
ValueTypeThe foreign key to relate the data to other tables.
Description:Related to its measurement.

Start Time/End TimeThe encompassing data period.

6.7.9Raw Input Data

The ninth and ihal table is slightly different from the metadata tables and explained in
Section6.9.

6.8. Populating Metadata for Location and Substation Data

The metadata for the locations and substation tables can be found in various documents
provided by WPD. All of which contain varying structures. In order to populate database
automation scripts that interact with these external sources will need to be Idpeel. An
example inFigure60 shows one way this can be achieved.

Meta Data From Sources

With temp_loc_ID as(INSERT into locatiof@readescriptior) VALUEGSouth West'Prince RockK) returning *)

Data From Data Logger INSERT into substatiofiscation id, descriptiontype) VALUE§select locationid from temp loc_ID), ' Prince Roci3)
,7 SQL Query Accessing
Data From Distribution /7 Dataframe
Substation DataBase

Automated Sort
Function

Database

Data From Other WPD
Data Sources

Data From Third Party
Souces

/  Dataframe Created

Location_id Creates_location_ID as Primary Key
Long 50.3674
Latitude -4.1134
Area South_West
gsp_name Abham S.G.P.
bsp_name Plymouth Bsp
primary_name _ [Prince Rock
Location _Table |Description Prince Rock

substaion_id Creates_substation_|D as Primary Key

Location_id Inserts Location_ID FROM Location Table as Foreign Key

description Inserts Description FROM Location Table

type 3
substations_table [code N/A

Figure60: Populating Metadata Database propose&ttheme

After the initial data population, the SQL database can be updated routifiblg.structure
uses an implicit example where the network is structured as per the condition the data was
provided. However, if primaries are switched to new B.S.Ps, ist @&x a meshed state
between two primaries, the substation table can be updhti® consider a swch or
appended to associate multiple foreign key entries. Therefore allowing the record to be
extracted for the specific search query applied.

6.9. Updating Subtations for time-series data

Once the metadata is assigned, the time series data can be input, this can be done by using
the metadata signposts to update the foreign key assignments accordingly as part of a
python SQL input/output (1/0O) loop.
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Where the SQ instruction has the form shown Figure61:
EELECT historical_profiles.profile_id FROM historical_profiles

where historical_profiles.valuetype = 1

Figure61: SQL Update Query

Once the correct key is extracted new data can be looped into thedata_table as shown
in Tablel3.

Table13: Raw Input Profile Table

Profile_ID TimeStamp Double Value

01/01/2014 00:00 6.58
01/01/2014 00:30 6.43
01/01/2014 01:00 6.32

6.10. Forecast and Cleansed Data

The forecast and cleansed layers are where thigouresults for external forecast methods
(presented in this document) and external cleansing methods (not presented) can be
placed. They have theame structure as the raw input data and should be looped into the
foundation layer referencing in the exact same way. The allows the DNO to keep raw,
forecasted and cleansed data separate so when configuring the forecasting and cleansing
methods they care assured on what the datource origins are.

6.11. Database Summary

The database section has shown how the SQL database is created using PostGresSQL with
PGAdmin, alongside time series DB. The SQL script that creates the database schema and
the database sama itself has also been defined.

How the tables can be populated with the metadata and updated with the subsequent time
series data has also been presented.

Once the database is populated Python 1/O can be used to extract the data and input it into
the forecast model, the I/O can then be used to update the forecast tables.

The main challenge surrounding the database is the automation of the population tasks. A
process has been presented here with all the required SQL queries and I/O to make it work.
However, the metadata and time series data will be in many uncommon structures and will
have to be cleaned up using an automated sort process. This is outside the scope of this
project, but an important task to consider whilst populating the database.
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7. Resuts of Testing

7.1. Scenarios and Inputs

The testing scenarios and input data outlinedlsble14 build upon the Use Cases defined

in Sectiond. Each of the seven Use Cases are testing for all the time horizons (with the

exception of UC7: Large Load Customer where the available input data of one calendar year
does not allow for six mon#ahead forecasting). The forecasting method applied, XGBoost

is tuned once for each Use Case. The method then automatically retrains itself for each

forecast run, adjusting the amount of data used for each time horizon and period studied.

For each timéiorizonassociated to the use cadée following is predicted:

1 Six Months Ahead:

o Six months for each quarter from the end of the validation period in the

tuning dataset. There are six separate six month ahead predictions.
1 Month Ahead:

o One month for the alendar year following the end of the validation period in

the tuning set. There are 12 separate month ahead predictions.
1 Week Ahead:

o The first week of every calendar month following the end of the validation

period in the tuning set. There are 12 separateek ahead predictions.
1 Day Ahead:

o Every day in the first week of every calendar month following the end of the
validation period in the tuning set. Theress 84 separate day ahead
predictions.

1 Hour Ahead:

o Every hour in the first week of each quarter doling the end of the
validation period in the tuning set. There are 672 separate hour ahead
predictions.

In order to accommodate the testing outlined, the basic feature set, describ&dbtel4, is
applied. This is done in order to achieve an efficient computation time for all testing.
Weather data is however applied to the Generator forecasting as this is more relevant than
other features.

Tablel4: Scenarios and input data for testing

Location Tlme Features Tuning, \{alldatlon, Data Inputs & Sources
Horizons Forecasting Dates

Indian Six Month  Hour Tuning: Indian Queens SGP 180MW

Queens GSP  Ahead Day of Week @ 14-12-2014 ¢ 13- Indian Queens SGP 380IW
Month Quarter 11-2015 Indian Queens SGP 480AW

4x 240MVA Ahead Month Validation: Indian Queens SGP 280AW

Transformers | Week Year 14-11-2015 ¢ 14- Indian Queens SGP 18MVAR
Ahead Day of Year 12-2015 Indian Queens SGP 38MVAR

Forecasts are Day Ahead Day of Month = Forecasting: Indian Queens SGP 480MVAR

produced for | Hour Ahead Week of Year 01-01-2016 ¢ 30- Indian Queens SGP 28MMVAR

each Holidays 09-2017 Bank hdidays for England and Walés

transformer,

and an

1 http://www.calendarpedia.co.uk
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Location T|_me Features Tuning, V_alldatlon, Data Inputs & Sources
Horizons Forecasting Dates
aggregate
produced by
summing
individual
transformers.
Cardiff South | Six Month | Hour Tuning: Cardiff SouthGRID 1Power MW
BSP Ahead Day of Week | 01-01-2015 ¢ 30 | Cardiff SouthGRID 2Power MW
Month Quarter 11-2015 Cardiff SouthGRID 1Power MVAR
2x 40MVA Ahead Month Validation: Cardiff SouthGRID 2Power MVAr
Transformers | Week Year 01-12-2015 ¢ 31- Bank holidays for Englarashd wale¥’
Ahead Day of Year | 12-2015
Forecasts are| Day Ahead | Day of Month | Forecasting:
produced for | Hour Ahead | Week of Year | 01-01-2016 ¢ 30
the aggregate Holidays 09-2017
BSP.
Prince Rock | Six Month | Hour Tuning: PRINCE ROCKCB 27/19Power MW
Primary Ahead Day of Week  01-01-2015 ¢ 30- PRINCE ROCKZ®21Power MW
Month Quarter 11-2015 PRINCE ROCKCB 27/19Power MVAr
2x 17.25MVA  Ahead Month Validation: PRINCE ROCKCB 27/21Power MVAr
Transformers = Week Year 01-12-2015 ¢ 31- Bank holidays for England and wiles
Ahead Day of Year 12-2015
Forecasts are Day Ahead Day of Month = Forecasting:
produced for = Hour Ahead Week of Year 01-01-2016 ¢ 30
the aggregate Holidays 09-2017
primary.
Truro BSP Six Month | Hour Tuning: TRURO BSPCB 1TOPower MW
Ahead Day of Week | 01-01-2015 ¢ 30- TRURO BSPCB 2TOPower MW (inverte
2x 60MVA Month Quarter 11-2015 measurement appears to be in the wror
Transformers | Ahead Month Validation: direction)
Week Year 01-12-2015 ¢ 31- TRURO BSPCB 1TOPower MVAr
Forecasts are| Ahead Day of Year 12-2015 TRURO BSPCB 2TOPower MVAr (inve
produced for | Day Ahead Day of Month = Forecasting: as measurement appears to be inett
the aggregate| Hour Ahead | Week of Year | 01-01-2016 ¢ 30- | wrong direction)
BSP. Holidays 092017 Bank holidays for England and Wales
Llynfi Valley = Six Month = Hour Tuning: LlynfiTrans 1Power MW
Primary Ahead Day of Week  01-01-2015 ¢ 30- LlynfiTrans 2Power MW
Month Quarter 11-2015 LlynfiTrans 1Power MVAr
1x 12MVA Ahead Month Validation: LlynfiTrans 2Power MVAr
1x 2IMVA  Week Year 01-12-2015 ¢ 31- Bank holidays for England and Wales
Transformers | Ahead Day of Year 12-2015
Day Ahead Day of Month | Forecasting:
Forecasts are. Hour Ahead Week of Year 01-01-2016 ¢ 30
produced for Holidays 09-2017
the aggregate
primary.
Goonhilly Six Month | Hour Tuning: Goonhilly MW
Wind Farm, | Ahead Quarter 14-12-2014 ¢ 13- | Goonhilly MVAr
the Lizard, Month Month 11-2015 Temperaturé®
Cornwall Ahead Year Validation: wind Output®
Week Day of Year | 14-11-2015 ¢ 14- Wind Speedf
12 MVA Ahead Day of Month | 12-2015
Capacity Day Ahead @ Week of Year | Forecasting:
Hour Ahead  Temperature | 01-01-2016 ¢ 30

18 L
Renewables Ninjahttps://www.renewables.ninja/- for The Lizard, Cornwall.
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Time

Tuning, Validation,

Location . Features . Data Inputs & Sources
Horizons Forecasting Dates
Wind Output | 09-2017
Wind Speed
SMVA Six Month | Hour Tuning: Ashercourt_FarnMw
Capacity Ahead Quarter 14-12-2014 ¢ 13- Ashercourt_FarnMVAr
Month Month 11-2015 DirectSunIigh’t8
Ahead Year Validation:
Week Day of Year 14-11-2015 ¢ 14
Ahead Day of Month = 12-2015
Day Ahead Week of Year Forecasting:
Hour Ahead Temperature @ 01-01-2016 ¢ 30
Wind Output = 09-2017
Wind Speed
Large Load Month Hour Tuning: Load Customer MW
Customer Ahead Day of Week | 01-01-2017 ¢ 31- Load Customer MVAr
Week Quarter 052017 Bank holidays for England and Wales
Maximum Ahead Month Validation:
Demand Day Ahead @ Year 01-06-2017 ¢ 30
16 MVA Hour Ahead Day of Year 06-2017
Day of Month | Forecasting:
Week of Year | 01-07-2017 ¢ 31-
Holidays 12-2017

The results for each Use Case present the time taken for tuning and the minimum, average,
and maximum timesre taken for training and forecasting. The minimum, average, and
maximum are give for the Root Mean Square Error (RM&8B) Mean Average Percentage
Error(MAPE)which is a representation of performance accuracy. This is the standard
deviation of the prediction errors. This is a measure of the size of the error that gives more
weight tolarger, or infrequent errors.

The minimum, average, and maximum are given for the accuracy of the prediction. This is
based on the following calculation specified by WPD:
O OO MU QQQUDO Q¢ &

T s T P TTt

Owoowa

O WO BO T
Theforecast is considered to be successful if:

1 Forecasts are produced for all half hour timesteps in the prediction window;
9 Accuracy is greater than 80% for 80% of the time; and
9 Accuracy is greater than 50% for 80% of the time.

In some caseghe actual vale is very close to zero, which can be a credible value for a
substation. Dividing by such a small value results in the large negative numbers in some of
the results.

Finally the average over and underprediction, based on substation transformer cagacity
generation capacity or maximum demand as for UC6 and $@nNen. This is to give an
indication of the percentage exceedance of the transforpaed is calculated as:
GU'Qiié‘s’QiQIL'Q’Q‘Q(BQ'Qé € ~ -
01 'QQ "l rtx Qo0 w 0 WO @ @ad O Qo0 w
01 'QQ QLD i Qo ®

19 Large Load 3
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The following describes the results analysed to produce the tables shown in the following
sections:

1 Six Month Ahead
0 The $ predictions performed.
1 Month Ahead
0 The twelve predictions performed.
1 Week Ahead
o The twelve predictions performed.
1 Day Ahead
o The first day from each week prediction performed.
1 Hour Ahead
0 The first 24 hour predictions performed.

The accuracy percentag show theaveragetime greater than the specified accuracy
calculated for each of the test casts MW only. MVAr was also predicted, however, its
Average Over/Under prediction was not presented as it is assumed MW accuracy it the key
control for most pocurement tasksMore comprehensive timaeries, trend and histogram
analysis of each resulipresented in sectioil: Appendix C.

7.2. UC1: Indian Queens GSP

7.2.1 Aggregated GSR({m of all Grid transformer loads)
Tablel5: Aggregated UC1 Resuksiw

Average Average
Tuning Training  Forecasting RMSE Accuracy Over Under

Time (s) Time (s) Time (s) (%) Prediction  Prediction
(%) (%)

Min 5.6 0.1 55.8 -447159.9

SHAV I PAaEEGH Average  5,166.7 9.3 0.2 62.2 -266.4 1,930.1 -1,461.7
Max 14.0 0.2 72.0 100.0
Min 3.0 0.0 44.0 -650887.5
Month Ahead Average 5,166.7 4.6 0.1 56.5 -788.5 420.8 -755.2
Max 8.9 0.1 89.3 100.0
Min 2.7 0.0 38.8 -46,533.6
WeekAhead Average 5,166.7 4.9 0.0 52.6 -135.2 48.1 -98.8
Max 8.9 0.1 75.6 99.9
Min 2.4 0.0 13.5 -16,038.4
BEVAAEGES Average 5,166.7 6.2 0.0 45.1 77.2 26.0 -2.6
Max 20.9 0.1 141.4 99.6
Min 0.7 0.0 0.1 -196.9
Hour Ahead Average 5,166.7 2.7 0.0 16.3 19.2 0.3 -0.3
Max 20.6 0.2 112.3 96.8
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Tablel6: Aggregated UC1 Resuk$1VAr

Tuning Time Training Time Forecasting Time

(©) (©) (©) MSS
Min 7.7 0.1 46.6
SV el A EERl Average  3,660.4 9.6 0.1 51.3
Max 13.5 0.2 56.8
Min 4.6 0.0 38.0
VeI VAR EEGES Average  3,660.4 6.9 0.1 49.1
Max 11.3 0.1 62.4
Min 4.7 0.0 32.2
Week Ahead Average 3,660.4 7.2 0.0 46.6
Max 13.2 0.1 67.3
Min 3.6 0.0 5.8
Day Ahead Average 3,660.4 8.6 0.0 36.7
Max 30.3 0.1 87.6
Min 1.0 0.0 0.0
Hour Ahead Average 3,660.4 3.1 0.0 15.5
Max 18.2 0.2 165.8

Tablel7: Aggregated UCg& Accuracy Calculations

Accuracy
SVl ERAEE]l  30.61% 11.91%
Month Ahead 28.89% 11.69%
Week Ahead 25.07% 9.42%
Day Ahead 30.95% 13.39%
Hour Ahead 50.00% 25.00%

The aggregated UCTablel7, shows that the GSP accuracy criteaia never met. This is
due to the patterns embedded in the data being too stochastic in nature to extract.
Therefore, disaggregation is required at eachnsformer in an attempt to separate the
underlying b&aviaal patterns.
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7.2.2 Transformer 1
Table18: UC1 Transformer 1 ResuksMW

Average Average

Tuning Training  Forecasting RMSE Accuracy Over Under
Time (s) Time (S) Time (s) (%) Prediction  Prediction
(%) (%)
_ Min 1.4 0.0 14.0 -28,733.3
S'Z;h'\gggth Average 1,187.2 2.2 0.0 160 396 204.6 153.6
Max 2.6 0.0 19.9 100.0
Min 0.9 0.0 10.8 -25,876.9
VSRS Average 1,187.2 1.0 0.0 136  49.0 54.5 46.4
Ahead
Max 1.3 0.0 19.1 100.0
Min 0.7 0.0 9.4 -9,883.0
Week
Average 1,187.2 11 0.0 13.1 47.1 8.7 -21.2
Ahead
Max 1.7 0.0 17.6 100.0
Min 0.7 0.0 3.0 -486.5
DEVANEGl  Average 1,187.2 1.4 0.0 11.2 73.5 0.6 -1.1
Max 4.7 0.0 37.6 99.6
Min 0.2 0.0 0.0 76.7
Hour
Ahead Average 1,187.2 0.7 0.0 4.2 92.0 0.0 -0.1
Max 7.0 0.0 26.6 100.0

Table19: UC1 Transformer & MVAr

Tuning Time Training Time Forecasting Time

(s) (s) (s) SHEE
Min 2.0 0.0 20.2
S eliiaAGEERl Average 816.4 2.5 0.0 21.5
Max 3.2 0.0 23.2
Min 1.2 0.0 15.9
\elilaVAaEG B Average 816.4 1.5 0.0 20.5
Max 2.3 0.0 26.2
Min 1.4 0.0 14.8
Week Ahead Average 816.4 1.8 0.0 19.5
Max 2.8 0.0 26.7
Min 1.0 0.0 1.2
Day Ahead Average 816.4 2.2 0.0 14.9
Max 7.2 0.0 27.1
Min 0.3 0.0 0.0
Hour Ahead Average 816.4 1.0 0.0 6.4
Max 4.2 0.1 43.8
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Table20: UC1 Transformer & Accuracy Calculations

Accuracy

SVl EPAEEl 81.51% 49.77%
Month Ahead 84.50% 56.88%
Week Ahead 83.90% 56.60%

Day Ahead 92.26% 61.90%
Hour Ahead 100.00% 97.92%

In Table 20 disaggregation has improved accuracy substantially, bringing it within an
acceptable acceptance criteria. This conclusion is compounded by the next 3 disaggregated

transformer results.

79



“'"“"I,'.',’?.‘.”.’.E.'h;. FORECASTING EVALUATION REI

EFFS V2 uuuzziiiuiizizzizizzizziiiiicziwiiiazzzaz

7.2.3Transformer 2
Table21: UC1 Transformer 2 ResukMW

Average Average

Tuning Training Forecasting RMSE Accuracy Over Under
Time (s) Time (S) Time (s) (%) Prediction  Prediction
(%) (%)
S, Min 0.8 0.0 140 -1,123.2
ix Mon
Ahead Average 1,854.0 2.7 0.1 14.6 50.8 9.4 -0.6
Max 5.4 0.1 15.2 100.0
Min 0.4 0.0 11.9 -836.0
VB Average 18540 1.2 0.0 141 575 6.3 05
Ahead g S : : : - ' '
Max 3.7 0.0 19.8 100.0
Min 0.4 0.0 10.4 -742.1
WEES Average 18540 11 0.0 128  60.0 3.8 0.5
Ahead g S : : : - ' '
Max 2.8 0.0 18.0 100.0
Min 0.3 0.0 35 -97.4
DEVANEGl  Average 1,854.0 1.3 0.0 11.3 78.8 1.1 -0.3
Max 5.1 0.0 28.2 100.0
v Min 0.1 0.0 0.0 70.9
our
Ahead Average 1,854.0 0.3 0.0 4.1 92.6 0.0 -0.1
Max 1.6 0.0 31.9 99.7

Table22: UC1 Transformer 2 Resuk$/VAr

Tuning Time Training Time Forecasting Time RMSE

Min 1.2 0.0 4.8

SV WA el Average 1,396.9 1.5 0.0 5.9
Max 1.7 0.0 6.9

Min 0.7 0.0 4.2

U PAGEEGRS Average  1,396.9 1.0 0.0 5.6
Max 1.5 0.0 6.7

Min 0.7 0.0 3.1

WEEIEAGEERRS Average  1,396.9 1.1 0.0 5.4
Max 2.9 0.0 7.0

Min 0.5 0.0 1.4

Day Ahead Average 1,396.9 1.1 0.0 51
Max 6.9 0.0 14.3

Min 0.1 0.0 0.0

Hour Ahead Average 1,396.9 0.3 0.0 24
Max 2.5 0.0 44.8
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Table23: UC1 Transformer 2 Accuracy Calculations

Accuracy

SIPQVeIGEAEE] 77.36% 51.05%
Month Ahead 80.86% 53.66%
Week Ahead 80.63% 55.83%

Day Ahead 92.26% 69.35%
Hour Ahead 100.00% 87.50%
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7.2.4Transformer 3
Table24: UC1 Transformer 3 Resuk$/W

Average Average

Tuning Training Forecasting RMSE Accuracy Over Under
Time (s) Time (S) Time (s) (%) Prediction  Prediction
(%) (%)
_ Min 1.6 0.0 13.2 -189504.5
Sih“gggth Average 10449 2.1 0.0 15.2 35.1 260.5 -355.8
Max 2.9 0.0 17.6 100.0

Min 0.7 0.0 10.1 -83725.5

Average 1,044.9 1.1 0.0 14.6 45.9 104.0 -30.8
Max 1.8 0.0 30.0 100.0
Min 0.7 0.0 8.7 -56,549.0

Average 1,044.9 1.2 0.0 13.2 37.6 53.5 -13.6
Max 1.6 0.0 20.7 100.0
Min 0.5 0.0 4.3 -54.0

DEVAANEEG]  Average 1,044.9 1.7 0.0 10.5 82.5 0.5 -0.3
Max 6.6 0.0 34.8 100.0
Min 0.2 0.0 0.0 74.5

Average = 1,044.9 0.9 0.0 3.6 92.6 0.0 -0.1
Max 7.8 0.1 24.2 99.6

Table25: UC1 Transformer 3 Resuk$/VAr

Tuning Time Training Time Forecasting Time

(©) (©) (©) RHSS
Min 3.7 0.0 11.5
SVl PAGEERE Average 873.5 4.4 0.0 12.8
Max 5.5 0.0 14.5
Min 2.4 0.0 9.8
Vel VAGEEE - Average 873.5 3.7 0.0 12.4
Max 6.0 0.0 16.1
Min 2.1 0.0 6.9
WEELGAGEELES  Average 873.5 3.3 0.0 11.5
Max 5.2 0.0 18.5
Min 1.9 0.0 15
Day Ahead Average 873.5 4.4 0.0 8.9
Max 9.7 0.0 28.4
Min 0.5 0.0 0.0
Hour Ahead Average 873.5 1.4 0.0 3.7
Max 6.9 0.0 45.3
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Table26: UC1 Transformer 8 Accuracy Calculations

Accuracy

SIFQVeIGEAEE] 78.75% 51.90%
Month Ahead 80.23% 55.52%
Week Ahead 83.83% 55.52%

Day Ahead 96.43% 69.35%
Hour Ahead 100.00% 95.83%
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7.2.5Transformer 4
Table27: UC1 Transformer 4 ResukMW

Average Average

Tuning Training Forecasting RMSE Accuracy Over Under
Time (s) Time (S) Time (s) (%) Prediction  Prediction
(%) (%)
S Month Min 1.7 0.0 14.6  -14827.7
ix Mon
Ahead Average = 1,080.6 23 0.0 16.4 60.3 10.1 -49.7
Max 3.1 0.0 19.3 100.0

o Min 0.9 0.0 11.3  -13473.3
el
Ahead Average 1,080.6 1.3 0.0 14.2 65.8 5.7 -14.7
Max 2.1 0.0 20.5 100.0
Min 0.9 0.0 104  -6017.0
WESS Average 10806 16 0.0 135  63.9 3.9 7.5
Ahead 9 s ' ' : - ; ;
Max 2.8 0.0 19.4 100.0
Min 0.9 0.0 2.7 -25.4
bEVAANIEEL) Average  1,080.6 1.7 0.0 12.1 83.9 0.4 0.2
Max 4.5 0.0 40.7 99.8
. Min 0.2 0.0 0.0 2.4
our
Ahead Average 1,080.6 0.8 0.0 4.5 88.5 0.0 0.1
Max 4.1 0.0 29.6 99.8

Table28: UC1 Transformer 4 Resuk$/VAr

Tuning Time Training Time Forecasting Time RMSE

Min 0.7 0.0 10.1

SV WA el Average 573.6 1.3 0.0 11.1
Max 3.1 0.0 12.2

Min 0.4 0.0 8.0

\elilaVAaE B Average 573.6 0.8 0.0 10.7
Max 1.4 0.0 134

Min 0.5 0.0 7.5

WWEEIAGEEL RS Average 573.6 1.0 0.0 10.2
Max 2.2 0.0 15.0

Min 0.3 0.0 1.7

Day Ahead Average 573.6 0.9 0.0 7.8
Max 6.6 0.0 17.8

Min 0.1 0.0 0.0

Hour Ahead Average 573.6 0.3 0.0 3.1
Max 4.6 0.0 31.9
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Table29: UC1 Transformer 4 Accuracy Calculations

Accuracy

SV elpligsAg el 83.24% 52.10%
Month Ahead 86.70% 60.04%
Week Ahead 86.95% 59.04%

DayAhead 98.51% 71.13%
Hour Ahead 95.83% 91.67%
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7.3. UC2: Cardiff South BSP
Table30: UC2 Resultg MW

Average Average

Tuning Training  Forecasting RMSE Accuracy Over Under
Time (s) Time (S) Time (s) (%) Prediction  Prediction
(%) (%)
S Month Min 3.1 0.0 1.6 -57.0
ix Mon
Ahead Average = 1,496.8 5.9 0.1 2.1 88.4 0.6 -0.8
Max 12.1 0.1 25 100.0
Min 15 0.0 0.5 36.5
VRS Average 14968 2.7 0.0 16 894 0.2 03
Ahead g e : : - - ' '
Max 3.6 0.0 3.0 100.0
Min 1.4 0.0 0.3 36.9
e Average 1,496.8 25 0.0 1.1 91.9 0.1 0.2
Ahead g e : : - . ' '
Max 3.6 0.0 2.2 100.0
Min 1.3 0.0 0.2 77.1
DEVANEGl  Average 1,496.8 2.8 0.0 0.9 94.9 0.1 0.1
Max 10.2 0.0 5.6 100.0
v Min 0.4 0.0 0.0 91.1
our
Ahead Average 1,496.8 1.0 0.0 0.3 97.5 0.0 0.0
Max 4.9 0.1 8.2 100.0

Table31: UC2 ResultsMVAr

Tuning Time Training Time Forecasting Time

(©) (©) (©) RHSS
Min 3.6 0.0 0.5
S eliaAGEERl Average 1,157.7 5.6 0.1 1.0
Max 7.6 0.1 2.1
Min 2.4 0.0 0.4
Vel VAGE Y Average  1,157.7 3.6 0.0 0.5
Max 4.2 0.0 0.7
Min 1.7 0.0 0.3
WECLGAGEELES  Average 1,157.7 3.9 0.0 0.5
Max 6.7 0.0 0.8
Min 1.6 0.0 0.1
Day Ahead Average 1,157.7 3.1 0.0 0.4
Max 4.8 0.0 1.5
Min 0.5 0.0 0.0
Hour Ahead Average 1,157.7 1.4 0.0 0.1
Max 10.6 0.1 0.8
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Table32: UC2¢ Accuracy Calculations

Accuracy
S AV elpligsAaEEll  99.42%  79.23%
Month Ahead 99.94% 83.50%
Week Ahead 99.78% 92.11%
Day Ahead 100.00% 97.32%
Hour Ahead 100.00% 100.00%

The BSP predictions have performed well in the near term, fall short of six month ahead
predictions for >80% of the time, albeit fractional.
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7.4. UC3: Prince Rock Primary
Table33: UC3 Resultg MW

Average Average

Tuning Training Forecasting RMSE Accuracy Over Under
Time(s) Time (S) Time (s) (%) Prediction  Prediction
(%) (%)
S Month Min 2.8 0.0 0.5 4.2
ix Mon
Ahead Average = 1481.2 3.4 0.0 0.8 93.0 0.4 -0.5
Max 3.9 0.1 1.7 100.0
Min 1.3 0.0 0.3 16.9
VEUES Average 14812 16 0.0 05 948 0.3 0.3
Ahead g ' ' ' ' - ' '
Max 2.2 0.0 1.4 100.0
Min 1.3 0.0 0.3 50.6
VLSS Average 1481.2 1.9 0.0 0.4 95.5 0.2 -0.2
Ahead g ’ ' : : . ' ’
Max 3.0 0.0 0.7 100.0
Min 1.2 0.0 0.2 79.8
PEVAAEEG) Average 1481.2 2.0 0.0 0.4 96.7 0.1 -0.1
Max 6.4 0.0 2.6 100.0
v Min 0.3 0.0 0.0 84.0
our
Ahead Average 1481.2 0.8 0.0 0.2 97.3 0.0 0.0
Max 4.0 0.0 5.2 100.0

Table34: UC3 ResultsMVAr

Tuning Time Training Time Forecasting Time RMSE

Min 1.2 0.0 0.3

SVl VA EELE  Average 1033.6 1.6 0.0 0.3
Max 25 0.0 0.5

Min 0.7 0.0 0.2

\elilaVAaE B Average 1033.6 1.0 0.0 0.3
Max 1.6 0.1 0.4

Min 0.6 0.0 0.2

Week Ahead Average 1033.6 0.9 0.0 0.2
Max 1.6 0.0 0.3

Min 0.5 0.0 0.1

Day Ahead Average 1033.6 0.9 0.0 0.2
Max 2.8 0.0 0.9

Min 0.2 0.0 0.0

Hour Ahead Average 1033.6 0.6 0.0 0.1
Max 7.3 0.1 0.9
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Table35: UC3¢ Accuracy Calculations

Accuracy

SIVEVelalsSPAEETs]  98.23% 96.05%
Month Ahead 99.98% 98.59%
Week Ahead 100.00% 99.33%

Day Ahead 100.00% 99.70%
Hour Ahead 100.00% 100.00%

Primary prediction provides the most cost@nt and accurate. This shows that there is

deeply recgnisable behaviour in the primary. Where this is exhibited in other primaries, it
should give DSO confidence in these predictions.
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7.5. UC4: Truro BSP
Table36: UC4 Resultg MW

Average Average

Tuning Training Forecasting RMSE Accuracy Over Under
Time (s) Time (S) Time (s) (%) Prediction  Prediction
(%) (%)
. . Min 1.8 0.0 9.8 -68,461.0
S'Z\h'\g‘;gt Average 12631 2.3 0.0 103 109 4115 -308.5
Max 2.7 0.0 11.0 100.0
V- Min 1.0 0.0 9.0 -66,584.7
on
Ahead Average 1,263.1 1.2 0.0 10.1 24.7 130.8 -47.8
Max 15 0.0 12.4 100.0
Min 0.8 0.0 71 -13,1775
WEES Average 1,2631 1.2 0.0 95 392 13.7 26.7
Ahead g S ' : : : ’ ’
Max 2.2 0.0 13.1 100.0
Min 0.6 0.0 8i5) -5,321.0
DEVAAEEG) Average 1,263.1 2.0 0.0 8.0 46.1 8.8 -1.4
Max 12.4 0.0 23.7  100.0
v Min 1.8 0.0 9.8 -68,461.0
our
Ahead Average 1,263.1 2.3 0.0 10.3 10.9 -0.1 -0.2
Max 2.7 0.0 11.0 100.0

Table37: UC4 ResultsMVAr

Tuning Time Training Time Forecasting Time

(©) (s) (©) HES
Min 0.7 0.0 2.1
S eliaAGEERl Average 1,773.2 1.2 0.0 2.3
Max 1.6 0.0 2.6
Min 0.6 0.0 1.7
\elaVAGEEGES Average 1,773.2 1.3 0.0 2.2
Max 2.5 0.0 2.7
Min 0.4 0.0 13
WECLGAGEELES  Average 1,773.2 2.3 0.0 2.2
Max 7.2 0.0 3.3
Min 0.2 0.0 0.7
DayAhead Average  1,773.2 1.2 0.0 1.8
Max 3.4 0.0 4.3
Min 0.0 0.0 0.0
Hour Ahead Average 1,773.2 0.3 0.0 1.1
Max 4.1 0.1 6.8
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Table38: UC4¢ Accuracy Calculations

Accuracy

SIVQVe I EPAEE] 68.99% 29.88%
Month Ahead 73.48% 33.75%
Week Ahead 73.41% 34.10%

Day Ahead 85.12% 45.54%
Hour Ahead 100.00% 52.08%

The Truro BSP does not perform as well as Cardiff BSP, this is due to the patterns becoming
harder to extract, similar to the proposaf disaggregating for a GSP to each transformer, a

similar technique could be applied here to improved the accuratgr@ to acceptable
levels.

91



“'"“"I,'.',’?.‘.”.’.E.'h;. FORECASTING EVALUATION REI

EFFS V2 uuuzziiiuiizizzizizzizziiiiicziwiiiazzzaz

7.6. UC5: Llynfi Valley Primary
Table39: UC5 Resultg MW

Average Average

Tuning Training Forecasting RMSE Accuracy Over Under
Time (s) Time (S) Time (s) (%) Prediction  Prediction
(%) (%)
S, Min 0.7 0.0 1.1 -1,860.2
ix Mon
Ahead Average 1,400.7 1.0 0.0 1.6 74.9 9.6 -0.6
Max 1.2 0.0 2.4 100.0
Min 0.4 0.0 1.1 -502.2
VRS Average  1,4007 0.7 0.0 14 801 2.4 0.4
Ahead g S : : : - ' '
Max 1.2 0.0 23 100.0
Min 0.4 0.0 0.6 -50.0
VLSS Average = 1,400.7 0.9 0.0 1.1 83.2 0.7 -0.3
Ahead g e : : : - ' '
Max 2.7 0.0 1.6 100.0
Min 0.3 0.0 0.3 0.0
DEVANEGl  Average 1,400.7 0.9 0.0 0.9 82.4 0.2 -0.2
Max 25 0.0 3.9 100.0
v Min 0.1 0.0 0.0 0.0
our
Ahead Average 1,400.7 0.3 0.0 0.3 94.3 0.0 0.0
Max 1.3 0.0 3.1 100.0

Table40: UC 5 ResultsMVAr

Tuning Time Training Time Forecasting Time

(©) (©) (©) RHSS
Min 0.4 0.0 1.3
S eliaAGEERl Average 785.7 0.7 0.0 1.7
Max 11 0.0 2.6
Min 0.3 0.0 1.0
\elilaVAaEG B Average 785.7 0.5 0.0 1.3
Max 1.1 0.0 1.5
Min 0.2 0.0 0.9
Week Ahead Average 785.7 0.5 0.0 1.2
Max 2.4 0.0 1.6
Min 0.2 0.0 0.1
Day Ahead Average 785.7 0.7 0.0 0.9
Max 4.5 0.0 1.9
Min 0.1 0.0 0.0
Hour Ahead Average 785.7 0.3 0.0 0.4
Max 1.7 0.1 2.7
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Table41: UC5 Accuracy Calculations

Accuracy

SINQV eI EPAEE] 97.54% 87.36%
Month Ahead 97.74% 86.97%
Week Ahead 98.96% 91.39%

Day Ahead 100.00% 98.51%
Hour Ahead 100.00% 100.00%

Similar to the Prince Rock primary, this primary also performs strongly, adding more
confidence that behaviour at more reduced voltage resuit more accurate predictions.
This is driven by behavioural patterns being easier to identify by machine learning
techniques when thee isless diversity of behaviours embedded in the profiles.
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7.7. UC6: Generator Customer (Wind farm)

Results for the genetar customers introduces a comparison of RMSE/Capacity, where the
wind farm under test has a 12 MW capacity.

Table42: UC6 Resultg MW

Average Average

RMSE/

Tuning Training Forecasting RMSE Capacit Accuracy Over Under
Time (s) Time (s) Time (s) (MW) (po/) y (%) Prediction Prediction
: (%) (%)
. Min 0.2 0.0 2.9 24.17 -164,436.8
Six Month
Ahead Average  863.4 0.4 0.0 3.3 27.50 212.2 743.8 -23.6
Max 0.8 0.0 3.9 32.50 100.0

Min 0.1 0.0 0.8 6.67 -174602.1

Average 863.4 0.2 0.0 2.4 20.00 -285.2 261.0 6.4
Max 0.5 0.0 4.0 33.33 100.0
Min 0.1 0.0 0.8 6.67 -27,606.3

Average 863.4 0.3 0.0 2.3 19.17 -116.0 40.6 -1.2
Max 0.8 0.0 4.1 34.17 100.0
Min 0.1 0.0 0.3 2.50 -827.5

Average 863.4 0.2 0.0 15 12.50 71.9 2.6 -0.3
Max 1.3 0.0 6.0 50.00 100.0
Min 0.0 0.0 0.0 0.00 38.7

Average 863.4 0.1 0.0 0.9 7.50 85.7 0.1 0.0
Max 1.2 0.1 9.5 79.17 99.5

Table43: UC6 ResultsMVAr

Tuning Time Training Time Forecasting Time

(©) (s) (©) HES
Min 0.8 0.0 0.0
SVl As | Average 570.6 1.2 0.0 0.1
Max 1.9 0.1 0.3
Min 0.3 0.0 0.0
Vel VA EEGES - Average 570.6 0.5 0.0 0.0
Max 0.8 0.0 0.0
Min 0.3 0.0 0.0
Week Ahead Average 570.6 0.6 0.0 0.0
Max 1.0 0.0 0.0
Min 0.3 0.0 0.0
Day Ahead Average 570.6 0.6 0.0 0.0
Max 1.1 0.1 0.0
Min 0.1 0.0 0.0
Hour Ahead Average 570.6 0.2 0.0 0.0
Max 34 0.0 0.0
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Table44: UC6g AccuracyCalculations

Accuracy

S AV elligsaacEl  37.33%  12.76%
Month Ahead 40.35% 18.68%
Week Ahead 48.91% 27.49%

Day Ahead 87.20% 71.73%
Hour Ahead 87.50% 79.17%

The wind farm prediction is acceptable in the near term busfaay in the future, this is
mainly due to the increased variability of seasonal wind patterns versus day to day, a
problem faced by weather fecaster with decades of experience and more complicated
model. An acceptable critan in the short term still How the DSO to procure confidently in

the near term horizon.

7.8. UCT Generator Customer (Solar farm)
Table45: UC7 Results MW

Tuning Training Forecasting RMSE RMSE/ Over Average

Time(s) Time(s) Timgs) (Mw) CoPacly Accuracy oo jiion Under
(%) Prediction
(MW)
STV lelalaWAsEE| Average
Max

Min 0.1 0.0 0.31 6.2 -1661.6

VeI VAGEER Y Average  863.4 0.2 0.0 0.63 12.6 53.2 17.6 -0.9
Max 0.5 0.0 0.86 17.2 100.0
Min 0.1 0.0 0.1 2.0 -397.8

WEEGAGEECRY Average  863.4 0.3 0.0 0.68 13.6 66.6 5.0 -0.8
Max 0.8 0.0 0.97 19.4 100.0
Min 0.1 0.0 0.07 14 -106.6

Day Ahead Average 863.4 0.2 0.0 0.42 8.4 73.5 2.1 -0.7
Max 1.3 0.0 1.2 24.0 100.0
Min 0.0 0.0 0.04 0.80 -32.0

Hour Ahead Average 863.4 0.1 0.0 0.32 6.40 74.2 0.1 -0.2
Max 1.2 0.1 0.72 14.40 99.6
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Table46: UC7 Results MVAr

Tuning Time Training Time Forecasting Time RMSE

Six Month Ahead Min 570.6 0.8 0.0 0.0
Average 1.2 0.0 0.1

Max 1.9 0.1 0.2

Month Ahead Min 570.6 0.3 0.0 0.0
Average 0.5 0.0 0.0

Max 0.8 0.0 0.0

Week Ahead Min 570.6 0.3 0.0 0.0
Average 0.6 0.0 0.0

Max 1.0 0.0 0.0

Day Ahead Min 570.6 0.3 0.0 0.0
Average 0.6 0.0 0.0

Max 1.1 0.1 0.0

Hour Ahead Min 570.6 0.1 0.0 0.0
Average 0.2 0.0 0.0

Max 34 0.0 0.0

Table47UC7 Accuracy Results

Accuracy

D s a0

Six Months
(0) (0)
Ahead 72.28% 58.16%

73.08% 54.70%
77.38% 52.68%
76.19% 60.12%
89.58% 62.50%

The solar predictions are most accurate in the near time but drop away quite quickly from
accepted accuracy. However, once the accuracy hagpebit stablises. This is due to the
very predictive nature of seasonal and diurnal irradiance embedded in the patterns. Where
solar forecasts may suffer in the near term is cloud cover effects, or low pressure
introducing changeable coitibns. Adding tlese weather phenomena as features in the
future may improve near terms accuracy.

7.9. U@B: Large Load Customer
Table48: UGB Resultsg MW

Average Average

Tuning Training Forecasting RMSE Accuracy Over Under
Time (s) Time (s) Time (s) (%) Prediction  Prediction
(%) (%)
S Month Min 0.3 0.0 0.1 -1,037.6
ix Mon
Ahead Average = 1,159.2 0.4 0.0 3.3 324 5.8 -0.6
Max 0.6 0.0 6.0 100.0
Min 11592 03 0.0 01  -265.0 2.6 0.6
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Average Average
Tuning Training Forecasting RMSE Accuracy Over Under

Time (s) Time (S) Time (s) (%) Prediction  Prediction
(%) (%)

Ahead Average 0.4 0.0 2.7 58.4
Max 0.9 0.0 4.4 100.0
Min 0.2 0.0 0.0 -126.7
WSS Average 11592 04 0.0 20 645 1.3 0.4
e g ) . . . . . . .
Max 1.6 0.0 6.3 99.8
Min 0.1 0.0 0.0 63.8
BEVAAIEEG Average  1,159.2 0.2 0.0 0.4 95.8 0.0 0.0
Max 1.2 0.0 4.9 100.0
v Min 0.3 0.0 0.1 -1037.6
our
Ahead Average 1,159.2 0.4 0.0 3.3 324 5.8 -0.6
Max 0.6 0.0 6.0 100.0

Table49: UGB Resultss MVAr

Tuning Time Training Time Forecasting Time

©) ©) (©) RHSS

Min 0.3 0.0 0.0

Vel VAR EEGES  Average 1,348.7 0.5 0.0 0.5
Max 0.8 0.0 0.7

Min 0.3 0.0 0.0

Week Ahead Average 1,348.7 0.4 0.0 0.4
Max 0.6 0.0 0.6

Min 0.2 0.0 0.0

Day Ahead Average 1,348.7 0.5 0.0 0.3
Max 14 0.0 0.8

Min 0.1 0.0 0.0

Hour Ahead Average 1,348.7 0.3 0.0 0.1
Max 3.4 0.0 1.2

Table50: UG ¢ Accuracy Calculations

Accuracy
Month Ahead 66.66% 27.43%
Week Ahead 71.58% 29.41%

Day Ahead 79.17% 47.32%
Hour Ahead 100.00% 93.75%
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7.10. Forecasting with Active Network Management Data

An initial example forecast was run for a case where a generator is subject to Active
Network Management (ANM) control. This is rale control of generator export with
respect to a specific constraint location that the generator contributesAidM Data ha
been provided bya UK DNOThe data provided igor January 2017 and is fdwo
measurement points at GSansformersand for the ANM controlled wind farm output

The aim of this forecast is to predict the output of the wind farm.

The data is extractettom the ANM Historian and it is based ohange. This has required
data processing to organise the data intper secondprofile from = January 2017 to 12
January 2017. A day ahead forecast is produced for tffecf Zanuary 2017 based on the
previous 11 days.

No temperature or other weather data has been included in this forecast given the
requirement to sample it at @er secondresolution, howevershould this information be
required thee are upsampling techniques that cae employed. The feates used in this
forecast are:

Hour,

Day of Week

Quarter,

Montbh;

Year

Day of Year

Day of Month and

Week of Year

The error metrics are shown rable51.
Table51: ANM Data Forecast Error Metrics

Error Metric Value

= =4 4 -4 -8 -9 -5 -1

Mean Squared Error 171.4
Mean Absolute Error 10.5
Root Mean Squared Error 13.1

Mean Absolute PercentagError | 32.6

The prediction is shown iRigure62.

Forecast vs Actuals

w— Prediction

MW

\\\1\1
Date
Figure62: ANM Data forecast versus actual

Theprediction appears to follova more stepped profile, rather than the very fluid profile
seen in the actual data, resulting in the smoothing of some peaks and troughs. There is
potential for this to be smoothed by using a different time resolution, for example minutely.
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The actual dat is frozen after 15:00 on f2January and so some scrutiny of the input data
would be required, as recommended for all future forecasts.

Additionally, the use of secondly data significantly increases the tuning and training times.
These are recorded &978 seconds to tune the model and 116 seconds to train it.

The result here show that second by second data would require additional inpatder to
produce usable ultrahort term forecasts potentially including weather dataand the
selection of inputs would depend on the intended application of the forecast.

An potential avenue of further investigation would be to look at how sedmyidecond data
could be used to updatbour ahead forecasts for when peaks or contraints kkely to
occur. For example, a weather fromioving from west to easwill affect DER based on their
geographical locationThe windfarm to the west output picks up before the windfarm in the
east. ANM data could be used to investigate how forecastsladdae corrected based on
learning the relationshipf how behaviour is relatethetween sites of the same typee.g.
wind or solar where seconéby-second or minuteby-minute data is available

7.11. Summary ofresults
The key observations from the results gesied show that:

1 For a GSP where there is already a high level of aggregation in the power flgw data
the prediction improves if the GSP is disaggregated down to its individual
transformers, and predictions are performed for each in turn. The predictiothtor
whole GSP is a sum of the individual transformer tuning, training, forecasting times
and errors.

1 At the BSP level using a feature set that does not include temperature or wind and
solar data still results in a suitable performarfoe Use Case.Zheaccuracy metric
shows that over 80% accuracy for more than 80% of the time for all time horizons
except for the six month ahead prediction.For BSPs that have a significant
penetration of embedded generation connected behind it, including these additiona
features will help to improve the predictiofit is expected that this will be the case
for Use Case 4.

1 Ata Primary level, using a feature set that does not include temperature or wind and
solar data still results in a suitable performance. As with B&P case, if there is
significant penetration of embedded generation behind the Primary, these additional
features can help to improve the prediction. For demand dominated Primaries,
including temperature in the feature set may also improve the predicimen the
correlation between demand and temperature.

1 Predicting for generator customers will require a different feature set. For renewable
generation such as wind and solar pertinent weather data (temperature, wind
speed, wind output, solar irradiancand solar output) will be required. It is more
favourable to apply wind speed/direction and solar irradiance data to models to
produce a generator export in kW given the nonlinear relationship between
renewable resource and generation. The impact of tlag df the week will be less
significant, howeverseasonality across the year will still be important. A variety of
models are in the public domain as referenced from the renewables ninja website.

1 For load customerghe prediction is satisfactory usingfeature list that does not
include temperature. For individual large load sjtdee performance of the method
is satisfactory without this additional feature, however adding temperature if
predicting for a number of aggregated load customers may imptioggrediction.
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1 Tuning the model is not required every time a forecast is run. For the testing run in
this section the model was tuned once for each Use Case, and then a number of
forecasts were run based on that single set of hyperparameters.

1 The modelwas trained ahead of every forecast. This is required as it ensures the
most recent and relevant historical data is being applied to the prediction. Training
the model takes a significantly shorter length of time than tuning, meaning that
training for evey forecast is not temporally impractical.

1 Predicting for longer time horizons requires more input data than predicting for
shorter time horizons. Predicting for six months ahead has a requirement for
sufficient training data that allows the method to a@etnine the trends in order to
predict so far ahead in the future. Conversely, predicting for an hour ahead will not
require a full year of data, and providing that volume of information could result in
overfitting. The six monthahead timeframe was chosepurely to see what kind of
accuracy could be obtained that far in advance rather than because it was expected
that a six month lead time would be required to remedy any shortfall in flexibility
services. Given the lovevel of accuracy compared tmonth ahead forecasts, it
would be useful to test forecasts at a three month ahead timeframe to determine
whether they were accurate enough to support flexibility service planning. It is likely
that a three month lead time would allow for remedial actions tieaplace if a
shortfall in flexibility services was found.

1 The accuracy of the prediction improves as the time horizon shortens. In every Use
Casethe accuracy is improved in the day ahead and hour ahead predictions when
compared with the longer time haons.In all Use Casethe accuracy is greater
than 50% for more than 80% of the time for the hour ahead time horizon.

1 For using ANM data for ultrshort term forecasting, more work ineeded to
understand the required input data set for producing usatdrecasts.
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8. Conclusions

This project focused on the analysis of methods and solutions for forecasting load and
generation at the distribution level. It was structured in three major steps:

1. Build a conceptual framework for being able to produce forezdst GSPs, BSPs,
primaries and significant loads or generators;

2. Explore the methods and solutions for building the necessary blocks for building the
developed framework;

3. Perform thorough testing on the best candidate methods for forecasting at the
distribution level.

To be able to operationalise forecasting at the distribution level, significant automation is
required as the numbeof variables to be forecasted is too large. Within the DSO vyjision
there will be a need to forecast at different levad$ aggregation and for multiple time
horizons from very shoiterm to longerterm horizons.

Therefore, the creation of a database and methods that reduce-uskop requirements
was proposed. It was also within the scope of the project to deliver hbadh that relied as
much as possiblen open source libraries.

8.1. DatabaseSolution

The database solution enables a common source of data for forecasting methods to interact
with. It will allow for the data required for forecasts to be fed into Python bdseelcasting
methods, and hold the outputs seamlessly. The structuring of the database will allow
guerying and appending to the database conveniently as new data sets are added as
features or new assets added.

Furthermore, the database will allow fahe extraction of the data as part of load flow
forecasts to be extracted from the database as part of procurement tasks, as they become
more defined in the other areas of the projects.

One major challenge for the database is the automation of the populaaskst A process
has been presented here with all the required SQL queries and input/output to make it
work. However, the metadata and time series data will be in many uncommon structures
and will have to be cleaned up using an automated sort processisitugside the scope of
this project, but an important task to consider while populating the database.

Although a cleansed data table is provided in the database, it was assumed the external
data science methods applied to cleanse raw input data wouldrmertaken by the DNO

or a third party and exported to the cleansed table for use in forecasts. It is left to the DNO
to manage this data quality, only raw data with the very minimal of fixes was used in this
project.

8.2. ForecastingMethods

As to forecastig, three methods emerged as powerful candidates for becoming a method

of reference for the DSO of the future: artificial intelligence based methods LSTM and
XGBoost as well as the conventional ARIMA method. The latter was selected as a benchmark
as it is me of the most widely used methods for forecasting. The former are trending as
solutions that provide good accuracy results. Other conventional and Al based methods
were tested, but with less interesting results.

It was found that conventional and Al basetkthods can perform equally if properly
parameterised and trained. However, the conventional ARIMA method requires more user
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in-the-loop and deeper data science skills to master effectively. ARIMA as a general rule
takes longer to train than the Al basedunterparts and is significantly more complex to

test different combinations of features (or regressors). Given that the expected volume and
applications of forecasting at the distribution level is very large, these are significant
setbacks to the usagef a@onventional methods. In addition to thishe most complete
ARIMA libraries are only available in R language, whereas Al based methods are vastly
supported both in R and Python.

Among the Al based solutions XGBoost, a tree based method, is a key cefefdme
libraries are user friendly and it allows understanding what the final method values within
its decision trees. It is also fast to train and relatively easy to get to good accuracy results.
XGBoost provided the best results of the three methodsetgsclosely followed by LSTM.
LSTM, a recurring neural network method, could not be fully explored due to the lack of
Graphical Processor UniGPY machines that could improve training times. Thus, the
number of feature combinations that could be testeith LSTM was inferior to the number

of tests conducted with XGBoost. It is expected that if more tests would have been run, the
performance of LSTM would have increased to levels comparable with XGBoost, but likely
not improve beyond the XGBoost level.

X@Boost is, therefore, the recommended method, as it allows simplified testing of features
and it can also be easily and effectively automated. Because of the wide community of users
among the data scientists, it is supported in a number of open source feranad it is
expected that there will be continued support for years to come.

8.3. TuningApproach

In order to get the best results from Al based methatiss necessary to tune the training
parameters. To do so, it is recommended that an historical datagétrent from the
training set is used to avoid a phenomenon called overfitting, which occurs when the
forecast corresponds to exactly to or very closely to the historical dataset, instead of
drawing trends and extrapolating into the future.

Given that thedatasets available were limited in extension and that there was an aim to
build multiple forecasts across the available period, the selected tuning set was covering the
same period as the first training set analysed. Results did not show any signs fifioger

but still, it is recommended that tuning in a deployment scenario is done using older
datasets.

The tuning action isin fact,a search process that looks for the optimal combination of
hyperparameters required to run the Al method training tasdowever, generic
optimisation tools do not work in this case as there is no information on the derivatives of
the function being optimised. Different methods are applicable, based generally in random
search or involving some sort of heuristic process. Suplocess can be a computational
burden. It is a particular concern in the LSTM implementation as LSTM takes longer to train
than XGBoost. The current stapé-the-art solution to improve the tuning process is to
apply Bayesian optimisation processes cameld with a treestructured Parzen estimator.
Bayesian optimisation is a probabilistic model based approach for finding the minimum of
any function that returns a realalue metric. The trestructured Parzen estimator
application structures the hyperparagter search space ordering the search for
hyperparameters.

This combination of methods is available with another open source tool called HyperOpt. It
was successfully applied in the tuning process of all the results presented in this report.
Further testng is recommended to identify the most relevant hyperparameters to be
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optimised, as by increasing the number of hyperparameters within the optimisation, finding
near optimal solutions becomes increasingly challenging.

The conducted analysis showed that tbe XGBoost case the number of estimators, the
maximum depth of a tree and minimum child weight are critical parameters on the quality
of final forecasts. Other hyperparameters seem to be impactful as well but it is hard to
assess the tradeff of includhg them or not in the optimisation process. It was also
observed that a conservative approach for the number of estimators is advisable and
instead of optimising its value a sufficiently large number of trees should be imposed. In all
presented results 10D was the selected number of trees. It never presented worst results
than cases with fewer trees and the computational burden does not increase significantly
the training period. It also allows Hyqiept search to focus on other sensitive variables. The
only identified drawback is that as the number of trees increases it becomes more complex
for a human analysis of the tree contents, albeit still possible.

A possible action for the future is to perform a two level optimisation where first an
optimisation ofthe most critical hyperparameters is performed and second the critical
parameters are fixed and optimisation is applied to the second set of important parameters.
This will penalise speed for an incremental gain in accuracy.

8.4. Results andkey Recommendations

To test the final implementation of the forecasting process, seven use cases were defined:
one referring to a GSPwo for BSPsiwo for primaries,one large load and one wind
generator. Initiallythere was a general expectation that the greater thecleof aggregation

the easier it would become to build a meaningful forecast. Throughout the prajeests
concluded that this is only valid up to a certain level and depends on several factors.

Primaries and BSPs presented the best accuracy levelsawsiiht edge towards primaries,
followed by load and generator individual profiles and finally the GSP. The reason behind
this is that moving from individual loads / generators to the primary level there is a gain in
aggregation that defines a more cosigint pattern and makes it easier to forecast.

Moving one level higher in aggregation would theory, provide even better results as
aggregating cancels behavioural dispersion of energy consumption or isolated impacts of
generation fluctuation. Howevethere is an increasing importance of the physical grid and
grid control aspects on the distribution of the power flows in the network, hence
introducing a disturbance to the forecasting model. Actions such as load transfers, tapping
of transformers or exting links to other substations alter the flow distribution in ways that
are not trivial for the forecasting methods to pick up.

This effect becomes even more important at the GSP level as controllability and ties to other
network areas proliferate. Tget meaningful results at the GSP level there was a need to
break the analysis down to the individual transformer level. In all other aggregated cases,
the net flow at the substation, computed as the sum of the flows at the different
transformers that compse that substation, provided good enough results. When
aggregated at a country level the aggregation benefits should again be very important and
the effects of the grid get cancelled out due to the fact that everything is being considered
and not only pats of the network.

Having analysed the quality of the results by aggregation it is also necessary to analyse the
impact of the forecast horizon on performance. In this case and as it was expected from the
start, the greater the horizon the less accurates tfesults are on average. Yet, in terms of
minimum and maximum accuracy ranges, it is verified that in the very $ton
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forecasting, hour and day ahead, the results can fluctuate more than in week or month
ahead Thesepresent minimum and maximum valuésat are much closer to the average
accuracy metric.

Six montls ahead was, as expected, the case with smaller accuracy as it refers to a really
long period. Perhaps with several more years of historical ,d&ia could be improved.
Month ahead, week ahehand day ahead generally provided good results that could likely
be used with confidence and with increased levels of accuracy to procure services for the
DSO.

The hour ahead presented good results, but the granularity of the data was not sufficient to
provide greater resolution forecasts. Adding additional sources of data such as smart meter
data or ANM data of the area of the GSP / BSP / primary would likely further improve the
guality and the applications of such forecast outputs.

Finally, featurewise,several were tested and these can be grouped in different categories.
There are basic features that are recommended at all times: hour of the day, day of the
week, quarter, month, year, day of the year, day of the month, week of the year. Some of
these, sich as day of the week can and should be one hot encoding, which is the action of
instead of labelling weekdays from 1 to 7, creating seven binary variables to avoid
misinterpretation by the forecasting method. In the forecast of genergtsmme of these
might not be relevant, such as the day of the week, but it will always depend on the type of
generator. If a combined heat and power generator is being forecasted there will most likely
be a correlation of power output and day of the week.

The category ofeatures is basic weather related features. Oftentimes, load is driven by
temperature, which is fairly easy to get forecasts for, but also other variables, such as
humidity or air pressure. The latter ought to be more difficult to get forecasts for thaldco

be used as features and therefore temperature has been successfully used in many of the
use cases.

The last category is also weather related, but influencing the generators instead of the
loads. Solar irradiance, wind speeahd direction forecasts arenportant features when
forecasting generation. It is advisable that these are converted into power values using a
generic turbine or solar panel that is close to the ones on site. It improves the quality of the
results as the relation between wind speeadiar irradiance and power is not linear.

8.5. Comparison withf Y t WKASMProject

To put the results of the EFFS forecasting methodology in context we have compared
accuracy metrics against Y t 2 6 SNJ @QIKANY RehJA&tige System Management
(KASMproject. This is a relevant comparison as it is relatively recent and also, like EFFS, the
forecasting focussed on the 33kV and 132kV networks.

The aim of UK Power Networks (UKPN) Kent Active System Management (KASM) was to
demonstrate ®IB | 1 . fikhuSd ok ngairie power system modelling and short term
forecasting on electricity distribution networks. It delivered enhanced visibility and analysis
capabilities regarding the power flows and stability of the 132 kV network to control room
engineersand outage and network planners.

Three specific capabilities were successfully developed and trialled:

9 The sharing of regime measurement data between the NG and UKPN control
rooms via an InteControl Centre Communications Protocol (ICCP) link
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1 Forecasting modules which uses advanced analytics and machine learning
techniques to provide realistic load and generation forecasts for the KASM trial area
and

1 Contingency analysis which provides state estimation and power flow calculations
for contingent senarios

In terms of forecastinghis workstream developed the systems that are used in conjunction
with the contingency analysis: generator and load modules; forecasting engine; historical
generation and load patterns; historical weather patterns; opsation and normalisation
modules

The EFFSadirecasting evaluatiomas specifically outlined the forecasting methods explored
and selected for development and provides enough information for them to be recreated.
The details of the feature exploration and their impacts on the predictions are provided,
along with the resut of extensive testing on different customers, locations, voltage levels,
and time horizons.

The KASM project assessed the accuracy of its proprietary ensemble forecasting method but
using different metrics. The EFFS results compare favourably when looking at the MAPE and
RSME/Capacity figures achieved:

The outputs of the forecasting from tHeAS/ project are summarised ihable52.
Table52: KASMEFFS comparison

KASM EFFS
MAPE for Load 9% day ahead 3.5% day ahea

RMSE/S%?E?C'W iz 10% day ahead 8.4% day ahea

RMSE/Capacity for 39.95 17.37
Wind

Had the EFFS results been significantly worse than those achieved by IK&SMd have
prompted further analysis and potentiallg change of approach. However the favourable
results suggest that while the rishat poor forecasts due to poor underlying datmains
(as it would for any forecasting methqdhe risk of poor forecasts due to poor forecasting
methodology is now low.

8.6. Transferabilityto other DNGs

One of the objectives of the project is to produce a forecasting evaluation report that can be
published and shared with the industry that details thrdels,their efficacy and makes
available the tools for other DNO stakeholders to use in their own licence afées.
forecasting methods investigated and implemented in this project have been developed
using fully open source libraries and environments. Theho@s$ themselves are agnostic to

the location, voltage level, and time horizon. The Use Cases described in this report cover
GSP, BSP, and Primary substationslaad and generation customers, in various locations
FONRPaad 020K 2t5Q0a kaR 20KSNJI5bh tA0SyOS | NJ

The performance of the forecasting methods will also depend on the input data made
available. While this project has not employed data cleansing techniques on the input data,
some scrutiny should be applied to ensure erroneous values are removeifydé meters
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are polling data with correct polarity, and identify when metering equipment is not
functioning correctly.

8.7. Recommendations foFurther Research

The limited time available for this portion of the EFFS project has meant that a limited
number of Use Cases have been investigated. While the tests conducted can provide a
general view of performance at different voltage levels and for different time horizons,
there is some investigation that could be carried out at a later stage to further utaahers

the operational benefits and limitations of the methods. This includes:

T

1
1

Further testing with ANM system data to determine the benefit of forecasting a
higher time resolution

Investigation of performance on lower voltage feeders

Furtherinvestigation into the disaggregated approach to predicting at a GSR, level
and

The implementation of LSTM on a GPU to determine if performance improves.
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9. Appendix A: Generator Types

The generator types provided:
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9 Biomass
1 Anaerobic Digstors
T STORand
1 Battery.
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Figure63: Solar Profile (MW)
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Figure64: Wind Profile (MW)
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Figure65: CHP (MW)
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Figure66: Biomass (MW)
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Figure67: Anaerobic Digestion (MW)
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Figure68: STOR Generation (MW)
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Figure69: Battery (MW)
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10. AppendixB: Example Forecasting Flow Charts
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Figure70: Forecasting for ARMA/ARIMA Model
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Figure71: Forecasting for Neural Networks
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11. Appendix CResults Graphs

In following sections the graphical results are displayed for each time horizon and for each
location/customer studied. The results show the dispersion of error (error in relation to the
line of best fit), the histogram of error (frequency and magnitudeeofor), and the
forecasted values against the actual values.
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Figure72: Six Month Ahead results for real power, Januaiyne 2016.
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Figure73: Six MonthAhead results for reactive power, Januadune 2016.
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Figure74: Month Ahead results for real power, January 2016.
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Figure75: Month Ahead results for reactive power, January 2016.
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Figure76: Week Ahead results for real power; 74 January 2016.
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Figure77: Week Ahead results for reactive power;7LJanuary 2016.
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Figure78: Day Ahead resits for real power, £' January 2016.
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Figure79: Day Ahead results for reactive power; Danuary 2016.
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Figure80: Hour Ahead results for real power, 3December 2015.
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Figure81: Hour Ahead results for reactive power, 3December 2015.
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Figure82: Six Month Ahead results for real power, Januaiyne 2016.
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Figure83: Six Month Ahead results for reactive power, Janualyne 2016.
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0 140
-20 120
100
L 40 i
= 80
2-60
< 60
-80 40
-100 20
0. =
—-40 =20 0 20 40
Predicted! MW
Forecast vs Actuals
0 = Prediction
¢ + Indian Queens SGP 380 - MW
-20 * » | I | ' . ' . . e -

s -

Figure84: Month Ahead results for real power, January 2016.
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Figure85: Month Ahead results for reactive power, Janua?p16.
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Figure87: Week Ahead results for reactive power;7LJanuary 2016.
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Figure88: Day Ahead resullts for real power;'Danuary 2016.
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Figure89: Day Ahead results for reactive power’ January 2016.
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Figure90: Hour Ahead results for real poer, 31° December 2015.
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Figure91: Hour Ahead results for reactive power, 3December 2015.
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11.1.3. Transformer 3
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Figure92: Six Month Ahead results for real power, Januaiyne 2016.
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Figure93: Six Month Ahead results for reactive power, Janualyne 2016.
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Figure95: Month Ahead resilts for reactive power, January 2016.
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Figure96: Week Ahead results for real power; 4 January 2016.
20
0 50
40
£-20 £
s =
3 30
S-40
20
-60 10
~80g0 —-60 -40 -20 0 20 2
Predicted! MVar
Forecast vs Actuals
3
=
60 e prediction
Indian Queens SGP 480 - MVAR
-8
1 3 o o 1l ®
6,0\” 80\.0 6».0 eovo“ bn\” e'oyo «°\‘° G,o\”
20> 20> 20> 20 e e o> 20
Nate

Figure97: Week Ahead results for reactive power;7LJanuary 2016.

124



WESTERN POW!R

DISTRIBUTION FORECASTING EVALUATION REI

EFFS V2 uuuzziiiuiizizzizizzizziiiiicziwiiiazzzaz

11.1.3.4.Day Ahead

100
12
80
10
60
£ 8
=
% 40
- 6
Z20
2
1] 4
=20 2
—40 0
—-40 -20 0 20 40 60 80 100
Presicted Forecast vs Actuals
100 = Prediction
a0 - «  Indian Queens SGP 480 - MW
60
= - { &
= — : . * . 5 .
20
]
-20
—40 " .
o o o? Nk - AR i o
Q'\'tﬁ Q\'Bx 013\' 013'\- 0"5-'“1, 0’\-’“‘ QX’Q} g‘.»'d\' g’\-“tﬂ
Date
Figure98: Day Ahead resullts for real power;'Danuary 2016.
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Figure99: Day Ahead results for reactive power; Danuary 2016.
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Figure100: Hour Ahead results for realower, 3% December 2015.
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Figure101 Hour Ahead results for reactive power, 3December 2015.
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11.1.4. Transformer 4
11.1.4.1.Six Months Ahead
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Figure102 Six Month Ahead results for real power, Januaiyne2016.
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Figure103 Six Month Ahead results for reactive power, Janualyne 2016.
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Figurel05: Month Ahead results for reactive power, January 2016.
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Figure106: Week Ahead results for real power;7 January 2016.
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Figure107: Week Ahead results for reactive power;71January 2016.
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Figure108 Day Ahead results for real power*Uanuary 2016.
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Figure109 Day Ahead results for reactive power®' January 2016.
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Figure110: Hour Aheadresults for real power, 31 December 2015.
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Figure111: Hour Ahead results for reactive power, 3December 2015.
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11.2. Cardiff South
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Figure112 Six Month Ahead results for real powedanuaryJune 2016.
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Figure1l3 Six Month Ahead results for reactive power, Janualyne 2016.
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Figurel14: Month Ahead results for real power, January 2016.
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Figurell5 Month Ahead results for reactive power, January 2016.
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Figurell6. Week Ahead results for real power;7 January 2016.
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Figurell7: Week Ahead results for reactive power;71Januay 2016.
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Figure118 Day Ahead results for real power;*llanuary 2016.
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Figure119 Day Ahead results for reactive power’' January 2016.
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11.2.5. Hour Ahead
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Figure120: Hour Ahead results for real power, 3December 2015.
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Figure121 Hour Ahead results for reactive power, $December 2015,
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Figurel22 Six Month Ahead results fareal power, Januarndune 2016.

Figure123 Six Month Ahead results for reactive power, Janualyne 2016.
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