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1 Executive Summary
This report, produced in collaboration between SSEN and Sia Partners presents how Sia Partners’
Operational Load Forecasting solution has been implemented for the TRANSITION project, and
summarises the main outputs and key lessons learnt from this innovation project work to date.
The Ofgem NIC-funded TRANSITION project aims at further developing DNO experience and
capability with deploying local flexibility markets, enabling non-DSO services such as peer-peer
capacity trading as well as enlightening ESO and DNO whole system coordination efforts. The
TRANSITION project trials are being undertaken in the Oxfordshire region of SSEN SEPD DNO license
area, as part of the Local Energy Oxfordshire (LEO) industrial project.
Specifically, a sub-set of the TRANSITION project’s objectives are to develop the ability to
forecast the net load expected at selected primary substations and feeders, over the short-term
operational time period of hours to days ahead of real-time. The outputs of the operational
forecasting tools are then integrated to a suite of other tools that perform network power system
analysis and whole system coordination.
Apart from the clear need for Operational Load Forecasting capability within the TRANSITION
project, such forecasting activities are an essential part of a broader suite of DSO competencies
expected from DNO’s in the near future. Such operational forecasting tools will enhance system
monitoring and analysis capabilities in the DNO control room operational timeframes, so as to more
efficiently manage an ever-more complex system, as well as support the commercial implementation
of appropriate flexibility markets and other services with suitable analytical insights.
Overall, the calibration of the demand and generation forecasting models across the scope of this
work has been undertaken to very high accuracy. Apart from a few outliers which have been
investigated thoroughly, the forecasting models demonstrate very good fit and performance.
The implementation of this has furthermore revealed some important challenges and provided
various key learnings that are important to consider in future programmes in this topic:
•

Good quality historical system data measured at the substations is key to drive forecast model
fitting performance

•

Historical network connectivity data availability is just as important as historical net demand
and generation measurements to adequately match consumption levels with connection
arrangements

•

The identification of generators connected to the network, at all levels, is decisive to operate
an accurate disaggregation, thus developing good demand models, even if few or no
measurements are available for lower levels of the network

•

Forecasting of Renewable Energy Sources is possible, and the use of reliable weather data is
essential to drive quality of the forecasts

•

Forecasting of non-renewable dispatchable generators is more challenging when only
considering weather data and temporal parameters. Other variables, such as price signals,
would be required to improve the performance of the models

•

Probabilistic forecasting allows the representation of critical uncertainty in the operational
time horizon. The use of weather ensembles enables this probabilistic view

•

The design of a simple, user-friendly forecasting dashboard interface is required to ensure
suitable adoption of operational forecasting, and support decision-making processes
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•

Connection to real-time or near real-time data measurements is essential to validate the
quality of the forecasts. It also provides an opportunity to improve demand forecasts,
capturing deviations from historical behaviours. This is especially valid in 2021, as load in 2020
was heavily impacted by the Covid-19 pandemic. Integrating this functionality would form a
real improvement to the Load Forecasting solution implemented at the time of this report

•

Automation of data collection and processing of alignment between network connectivity and
measurements would be beneficial to scale up the Load Forecasting Solution that was
deployed in this Oxfordshire region pilot study, to a full distribution network area
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2 Introduction
2.1 Project background
The GB network continues to evolve, and there is a clear need for DNOs to adapt, become more
flexible, enhance operations, and allow new market models such as peer-to-peer trading and whole
system coordination to emerge. The ‘fit-and-forget’ approach of traditional network operation relied
on predictable energy use and production that matched that use. The transition to DSO (Distribution
System Operator) model from a DNO (Distribution Network Operator) model has the potential to bring
significant benefits to customers; it also brings a range of new complex challenges, unintended
consequences and risks for market participants, new entrants and the network licensees.
The ENA Open Networks Project (ON-P) is focussed on defining the DNO transition to a DSO model
and has been endorsed by the UK Government’s Smart Systems and Flexibility Plan. TRANSITION is
designed to help inform the work of the Open Networks Project in that transition, in particular, the
project will design and demonstrate the tools and practices DNOs will need to adopt to perform
Distribution System Operations, as well as trialling the ON-P market models.
TRANSITION is an Ofgem Electricity Network Innovation Competition (NIC) funded project, led by SSEN
in conjunction with our project partners ENWL, CGI, Origami and Atkins. The TRANSITION project also
collaborates very closely with the other two Ofgem NIC funded projects Electricity Flexibility and
Forecasting System (EFFS) from WPD, and FUSION from SPEN. Together, these three projects form the
T.E.F. collaborative forum, with the overall aim of coordinating innovation requirements, sharing key
learnings, and broadening the application of this knowledge to trials and testbeds in a variety of UK
DNO regional settings and better inform the wider ENA Open Networks Project activity. In particular,
with the EFFS project which has a similar forecasting objective, the TRANSITION project has held
several knowledge-share sessions on this topic.
In addition, the TRANSITION project is also part of the Local Energy Oxfordshire (LEO) project, an
Innovate-UK Industrial Strategy funded project. Both TRANSITION and LEO have objectives that are
closely aligned and when combined significantly enhance overall learning. Integration with Project
LEO significantly enhances testing opportunity and offers insights into the needs of local energy
market actors.
The TRANSITION1 and LEO2 trials will be used to provide an evidential base on the market dynamics
associated with contracted flexibility, as well as enabling non-DSO services such as peer-peer capacity
trading and coordinating the whole system view with the ESO services. In doing so, TRANSITION will
build upon previous innovation programmes funded by Ofgem, including New Thames Valley Vision
and Low Carbon London, to validate the requirements for DSO systems and management of
commercial arrangements for the transaction of services by multiple market actors.

2.2 Purpose of the document
The purpose of this document is to provide a summary of Sia Partners Load forecasting solution
implemented in the TRANSITION Programme. It aims to provide a greater understanding of the
forecasting methodology used and sheds light on the challenges encountered during the development
1
2

ssen-transition.com
project-leo.co.uk
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phase. It will provide clarity around the computation of the generation and demand models, as well
as how they are utilised to produce load forecasts and identify constraints on the network.
It will also focus on the User Interface Sia Partners has developed to visualise the results of Load
Forecasting. However, it does not include the functional and IT technical specifications of the
interface.

2.3 Objectives and principles of Sia Partners Operational Load
Forecasting solution
Load forecasting is the prediction of electrical power flows. The main objective of the solution is to
determine the expected net load at specific points of the network and what this load captures, i.e.
(pure) demand and generation levels. In the TRANSITION Programme Load forecasting will be
developed for specific substations and their associated feeders in the Oxfordshire area, with an
operational time horizon from 30-mins to 10 days ahead of real-time.
The load measured at each point is a combination of demand of connected customers, balanced by
generation outputs from connected generators. One of the objectives of the solution is therefore to
better understand what the net load observed is composed of and how this mix will evolve over the
following days. Load forecasts will be provided for the short-term future (see section 10):
• Over the following 4 days, based on a collection of 40 different assumptions of weather
forecast. This provides a range of load forecasts, or a probabilistic view of the load forecast
between D and D+4
•

Over the following 10 days, based on a single weather forecast. This provides a deterministic
view of the load forecast between D and D+10

The main principle to develop demand and generation models is to determine the correlation
between historical load, measured at a substation for example, and the situation of this substation at
that time. This situation is defined as a set of variables ranging from calendar information to network
arrangements, as well as historical weather conditions (temperature, wind, solar radiation, rain etc).
The correlations drawn between all these variables and an output is called a ‘model’, which, when
trained and calibrated, is then evaluated with new situations based on weather forecasts, updated
network arrangements, calendar information etc. While demand is always correlated to the same
variables (calendar and weather), some generators are weather-dependent, and some are not. The
type of fuel is hence important and is taken into consideration when calibrating generation models,
as explained in section 8.
The operational forecasting solution is largely based on 2 main sources of information
• Internally, it relies on the identification of the substations, feeders and generators and how
those are connected (and were connected in the past). It also relies on the availability and
quality of historical load data, which is essential to drive accurate forecast.
•

Externally, it relies on access to historical weather data, in line with load data, and ongoing
weather forecasts to evaluate the models with the latest and most accurate information.

Within the TRANSITION Programme, the solution’s forecasts are used for multiple purposes:
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•

They are shared with the Whole System Coordinator (WSC)3 via an API and used as input for
the Power System Analysis (PSA) to determine the flexibility, peer-peer trading and whole
system coordination requirements over the following hours and days

•

They are used within the Load Forecasting solution to determine in a simple high-level manner
any potential thermal constraints on the network

•

Forecasted load results and potential constraints are displayed in a web-based graphical user
interface, specifically designed and developed for the TRANSITION programme with the
experienced input of operational colleagues

3

The Whole System Coordinator (WSC) is a component tool/platform that is available to DNO operational
planning as part of the wider TRANSITION process chain for coordinating power system analysis of the
network. It ingests data flows from forecasting as well as updates network status information and evaluates
the requirements of flexibility market and peer-peer request decisions across all timeframes. Further
information on the WSC tool is available on the TRANSITION project website.
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3 Sia Partners forecasting process
3.1 Geographical scope of the forecasting analysis
A view of the future load on the network is expected at a set of Bulk Supply Points (BSP), Primary
substations, their associated feeders and all Generation assets contributing to the reduction of
Demand drawn from the Transmission Network. The focus of this work was in line with the
geographical scope of the TRANSITION Programme.
The BSPs and associated Primaries in scope are listed below:
GSP Code GSP
BSP Code BSP
COWL
Cowley
OXFO
Oxford
COWL
Cowley
OXFO
Oxford
COWL
Cowley
DRAY
Drayton
COWL
Cowley
HEAD
Headington
COWL
Cowley
COLO
Cowley Local
COWL
Cowley
COLO
Cowley Local
COWL
Cowley
COLO
Cowley Local
COWL
Cowley
COLO
Cowley Local
COWL
Cowley
YARN
Yarnton
COWL
Cowley
YARN
Yarnton
COWL
Cowley
YARN
Yarnton
COWL
Cowley
Witney
ECLA
East Claydon BICN
Bicester North
ECLA
East Claydon BICN
Bicester North

Prim Code
OXFO
UNIP
MILT
ARNC
BERI
ROSH
KENN
WALL
YARN
DEDD
EYNS
NA
BICN
BICE

Primary
Oxford Primary
University Parks
Milton
Arncott
Berinsfield
Rose Hill
Kennington
Wallingford
Yarton Primary
Deddington
Eynsham
NA
Bicester North Primary
Bicester

Figure 1 - List of Primaries and BSPs in scope of TRANSITION

The 13 Primary substations are part of the trial area in Oxfordshire, but do not cover the entire scope
of the BSPs.
The other primaries connected to the BSPs are not in the direct scope of the Load forecasting
solution, although they do influence the overall BSP load level forecast which is in scope.
On the generation side, a list of generators connected to the Primaries in scope and directly connected
to the BSPs in scope has been identified by the TRANSITION Programme.
BSPs, Primary Substations and their associated respective 33kV and 11kV HV feeders and generators
are considered as assets of the network. Load forecasting will be developed at these points and made
available to the Whole System Coordinator (WSC) for Power System Analysis (PSA) via an API. They
will also be displayed in a dedicated user interface.
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Figure 2 - Geographic representation of the Primaries in scope
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3.2 Overview of the process
Sia Partners developed its own Forecasting methodology, that has been trialled with several other
Network Operators in their transition to System Operators. This methodology relies on simple stages
that are summarised in the diagram below.

Figure 3 - High level Forecasting Process

0

Network Representation: Understanding how the network is currently organized on the ground
and translation of the connections between physical assets into relationships between data
tables. It will capture transformers of substations, and whether they run independently or
together, feeders of substations and generation assets contributing to reducing demand drawn
from the higher voltage levels of the system.

1

Load data acquisition: For each physical asset identified, retrieve historical measured data. These
can come from historian systems when output is measured or computed from settlement data
(available to SSEN from the industry data flows) and may have to be retrieved from a number of
network assets in case of network reconfigurations. The output is set of ‘raw’ half-hourly net load
curves describing the historical contribution of the asset to the network.

2

Signal Processing: For each ‘raw’ load curve a set of filters is applied. The objective is to clean the
various signals and receive a representative net load curve for the signal measured.

3

Disaggregation: This crucial activity allows to identify, within a representative net load curve, the
share of demand and the share of generation. The ‘pure generation’ signal is composed of the
sum of outputs of each generator. The ‘pure demand’ signal should represent the total demand
connected to the assets. The output is a single ‘pure representative demand load curve’ and a set
of ‘pure representative generation load curves’.
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Figure 4 - High level view of the Disaggregation process

4

Model Calibration
a)

Demand Calibration: Based on historical demand data and historical weather data, this
step consists of developing a model which represents the correlation between these
input variables and the output demand signal

b)

Generation Calibration: Based on measured generation output and historical weather
data, this step consists of developing a model for each generator, which represents the
correlation between specific input weather variables (in the case of weather dependent
sources) and output generation signal. For non-weather dependent sources, the
relationship is based on calendar variables alone, in this stage of the work.

5

Model Evaluation Using Weather Scenarios: Each Demand or Generation model is used to produce
independent forecasts based on various weather forecast scenario assumptions. Each assumption
forms a scenario spanning over the next 4 days (40 alternative equally weighted scenarios, the
spread of which captures probabilistic weather uncertainty) or over the next 10 days (1 scenario
with a single deterministic “best view” of weather). All 41 different weather scenarios are used to
produce load forecasts over the next 4 days / 10 days. Each of these forecasts is provided to the
Whole System Coordinator (WSC) as input to the Power System Analysis.

6

Load Forecast: The individual forecasts are summarized for each asset of the network for which a
load forecast is required. At substation or feeder level, all estimated generation is captured and
aims to compensate the total demand connected. The output is a set of net demand forecast for
each asset connected

7

Constraint Detection: Based on the computation of the load forecast, the expected load is
compared to the thermal rating of the transformers at the substations (i.e., the continuous
kVA/MVA rating). The assets at risk of breaching capacity over the following 5 days are identified
and the estimated volumes at risk computed. Other constraints, such as fault levels are naturally
out of the scope of this Load Forecasting solution.
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4 Network data representation
4.1 Description and objectives
The Objective of this step is to understand SSEN network model and to translate it into a data model.
The data model will inform data collection activity and allow the building of the forecasting tool
database.
For this activity, SSEN and Sia Partners have worked closely to understand the in-scope:
• Voltage levels
• Type of assets at each voltage level (transformers, substations, generators, feeders)
• Connectivity between assets at the same voltage level
• Connectivity between voltage levels (between GSPs & BSPs, and BSPs & Primaries)
• Naming and ID conventions
• Assets’ characteristics (e.g., number of transformers at substations, transformer and ratings,
types and sizes of generators etc.)
To model interconnected substations (at one level of voltage e.g., Witney & Yarnton, two BSPs that
are in the normal running arrangement not separated from one another but are inter-connected via
their 33kV network lower down), ‘Groups’ of transformers are used, following the principles below:
• Every substation (at any voltage level) is part of a Group.
• Standalone substations are Groups of their own, made of 1, 2 or more transformers
depending on the substation.
• Interconnected substations form one Group together, including all the transformers of all the
interconnected substations.

Figure 5 - Illustration of groups of transformers
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Whenever possible, forecasts are provided at Group and Feeder levels, also referred to as Point of
Forecast.
This data model is then translated into static tables in our database as shown below.

Figure 6 - Data representation of the network

4.2 Challenges and solutions
4.2.1 Conventions
As the data model is defined, it is Sia Partners’ responsibility to ensure alignment with project
counterparties i.e., SSEN (who is providing forecasting inputs and will be a final user of the forecasting
tool) and the WSC (the other final user of the forecasting tool).

Some conventions must therefore be defined so that communication with all counterparties is
accurate. This includes:
•

Unique Identifiers – Forecasts will be provided for a number of points, which must have
unique identifiers, shared with counterparties, to ensure proper and accurate
communication. For the TRANSITION project, it was agreed that SSEN would provide UIDs for
all network assets in scope, that would be used by all project counterparts for communication
purposes. The UIDs chosen are as below:
o

Groups of transformers:
▪
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▪

o

If the group includes transformers of more than one substation: four-letter
codes of all the substations, separated by ‘_’, followed by ‘-CN’; example:
WITN_YARN-CN

Feeders: four-letter code of the substation, followed by ‘_’, the operating voltage
code letter (see below), the number of the feeder, the equipment class code ‘L’ (for
lines or cables), and the switch function number (see below); examples: UNIP_E3L5,
OXFO C1H0
Operating Voltage
132kV
66kV
33kV
22kV
11kV
6.6kV
Switch function
Circuit breaker
(excluding lines)
Circuit breaker
(lines)

o

•

•
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Code Letter
A
B
C
D
E
F
Number
0
5

Generators: it was decided to use their CIM name, provided by SSEN, to align with
WSC requirements. The ENTSO-E CGMES standard sets a limitation on the number
of characters for object names in the PSA model. There are only 32 characters
available in the CIM file format attributed to a network component or flexibility
asset, hence this limit on the maximum number of characters. The structure of the
name will be: Asset Name(15char)_Asset Type(3char)_GRN number(12char).
It was determined that flexibility assets and generators need to have a
unique identifier within the 32-character name. The Grid Reference Number (GRN)
represents a good option, given that this represents the geographical location of the
asset. A 12-digit GRN provides the geographical location of a point within 1-metre
resolution.

Sign convention – It is necessary to agree on a sign convention between parties to ensure that
load is taken in the right direction. It has been agreed that communication with SSEN
(including interface display) will use SSEN’s PowerOn convention, which reflects what is
already used in SSEN BAU systems, see Figure 7.
o

Positive (+) for MW/MVAr flowing out of the busbar;

o

Negative (-) for MW/MVAr flowing into the busbar

On the other hand, the forecasting tool and WSC will use a different sign convention to
exchange data, as seen in Figure 8

o

Load flowing from high voltage to low voltage will be negative

o

Load flowing from low voltage to high voltage will be positive

Load Forecasting Solution – Sia Partners

Figure 7 - SSEN PowerOn sign convention, replicated on the Load Forecasting Platform User Interface

Figure 8 - Sign Convention for data storage and exchange between Load Forecasting Platform and WSC
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5 Data Collection
5.1 Description and objectives
5.1.1 Network data
Once the data Model is ready and static tables are created, Sia Partners worked closely with SSEN,
using PowerOn, Single Line Diagrams (SLDs), and PI Historian to capture historical data:

Static data

At BSP Level

At Primary Level

At Generator level

- Substations’ names &
IDs

- Substations’ names &
IDs

- Generators’ names
and IDs

- Connectivity with
other BSPs

- Connectivity with
other Primaries

- Voltage

- Connectivity with
GSPs and Primaries

- Connectivity with BSPs

- Number of
transformers, their
name or ID and rating
- Number of feeders,
their name or ID and
rating
Historical data

- Number of
transformers, their
name or ID and rating
- Number of feeders,
their name or ID and
rating

Four years of load history for each transformer and
feeder identified; all available variables among:
- kV
- Amps
- MW
- MVAr

- Connectivity
(substation and
feeder)
- Type of fuel
- Capacity
- Commission date

Four years of load
history for each
generator identified; all
available variables
among:
- kV
- Amps
- MW
- MVAr

Figure 9 – Summary of historical data captured

Static data allow us to map transformers, substations and groups and their relationships, and to fill
static tables accordingly.
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GSP
Cowley
Cowley
Cowley
Cowley
Cowley
Cowley
Cowley
Cowley
Cowley
Cowley
Cowley
Cowley
East Claydon
East Claydon

Group Name
Cowley
Cowley
Cowley
Cowley
Cowley
Cowley
Cowley
Cowley
Cowley
Cowley
Cowley
Cowley
East Claydon
East Claydon

BSP
Oxford
Oxford
Drayton
Headington
Cowley Local
Cowley Local
Cowley Local
Cowley Local
Yarnton
Yarnton
Yarnton
Witney
Bicester North
Bicester North

Group Name
Oxford
Oxford
Drayton
Headington
Cowley Local
Cowley Local
Cowley Local
Cowley Local
Witney & Yarnton
Witney & Yarnton
Witney & Yarnton
Witney & Yarnton
Bicester North
Bicester North

Primary
Oxford Primary
University Parks
Milton
Arncott
Berinsfield
Rose Hill
Kennington
Wallingford
Yarton Primary
Deddington
Eynsham
NA
Bicester North Primary
Bicester

Group Name
Oxford Primary
University Parks
Milton
Arncott
Berinsfield
Rose Hill
Kennington
Wallingford
Yarnton Primary
Deddington
Eynsham
NA
Bicester North Primary
Bicester

Figure 10 - List of substations in scope

Historical data is collected from PI Historian as half-hourly average values, for each data point
identified (transformer, feeder, and generator). The availability of variables (kV, Amps, MW, MVAr)
depends on the analogues installed at each point of the network. For this project, almost five years
of history have been collected, from April 2016 to December 2020.

Figure 11 - Available measurements

Once collected, historical datasets are cleaned, including:
• Verification of timestamps,
•

Selection of relevant data

•

Renaming of data sets

•

Alignment of history across multiple assets in case of network changes (see section 5.2),

And finally, they are uploaded in the database, in “Observation” tables.
Observation tables are linked to static tables using data points IDs.
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Figure 12 - Data representation of historical load

5.1.2 ERA-5 Land: Historical weather data from 1950 to present
The ERA-5 Land dataset is a reanalysis dataset that provides a view of how land weather variables
have changed over the past ~60 years. It is produced by replaying the land component of the ECMWF
ERA-5 climate reanalysis. The reanalysis process combines model estimates with observations from
around the world to provide a dataset consistent with the laws of physics. The observational data is
not used directly in the ERA-5 Land dataset. Instead, it uses it as an input to constrain the model-based
estimates, this is known as atmospheric forcing. Without atmospheric forcing, the model estimates
can deviate rapidly from reality. The ERA-5 Land dataset is updated monthly. However, in the dataset,
there is a delay of about 3 months relative to the actual date.
The historical weather data is available on a regular latitude-longitude grid with a horizontal resolution
of 9km. Figure 13below shows where the ERA-5 Land data is available in the TRANSITION area.

Figure 13 - ERA-5 Land historical weather data availability map

The variables used to calibrate our models include 2m temperature, wind speed, wind direction,
surface solar radiation downwards and total precipitation. Historical data is processed by a Sia
Partners’ proprietary accelerator which produces hourly outputs provided to the TRANSITION project.
The hourly signals are decomposed in half-hourly weather by linear interpolation. The temporal
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coverage of the historical data gathered for the TRANSITION project has been chosen to match the
historical observed data provided by SSEN, running from 2016/01/01 to 2021/01/31.

5.2 Challenges and solutions
5.2.1 Historical data and present connectivity alignment
Over time, network configuration and connectivity change. Thus, one of the main challenges when
creating a forecasting model for a part of the network is understanding whether the network topology
changed or any feeders (at 33kV or 11kV) were rearranged. When such changes have happened within
the Scope of the project, and during the period considered as history (i.e., from 2016 to 2020
included), discrepancies arise in substation historical data, making forecasting inaccurate. Whilst
historical data is available for all substations, there is no equivalent historical view of what the network
configuration was when those measurements were recorded.
The creation of a totally new BSP at Bicester North is an example of this challenge. Bicester North
(BICN) was commissioned in March 2019 as a 132/33/11kV substation (both BSP and Primary), fed
from East Claydon GSP. Bicester Primary (BICE), which was at the time supplied by Headington (HEAD)
BSP, was subsequently moved over to BICN BSP.
These network changes caused the following discrepancies in network data:
•

The load from BICE was removed from HEAD in 2019 → data history for HEAD is not consistent
across 2016-2020, and not representative of current network arrangements for the 20162019 period.

•

Some 11kV feeders from BICE were moved to be supplied by BICN, partially or totally (see
below) → data history at BICE primary level and for those feeders is not consistent across
2016-2020, and not representative of current network arrangements for the 2016-2019
period.
BICE 11kV

•

BICN 11kV

Type of
transfer
E3L5
->
E7L5
Total
E19L5
->
E8L5
Total
E6L5
->
E1L5
Total
E11L5
->
E2L5
Total
E8L5
->
E5L5
Total
E7L5
->
E6L5
Total
E1L5
->
E3L5
Partial
E10L5
->
E4L5
Partial
BICN BSP and Primary transformers have less than three years of history.

To overcome those issues, detailed mapping of the changes must be obtained from SSEN in order to
“reconstruct” historical load flows, that are consistent with the current network configuration. This
allows to calibrate models that are valid for the current network situation, and to forecast load based
on those. The relevant changes were obtained manually, from the stage-by-stage plans recorded by
SSEN delivery engineers. This is a time-consuming process, both to retrieve the data, and to reorganize
it to build consistent historical load flows. There is an opportunity for SSEN to develop methods,
processes and data sets to capture network remapping. As network reorganisation directly impacts
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levels of load, interrogating automatically those changes would be key to understand the load seen at
transformer level.
This correction work has been done for Headington, Bicester and Bicester North BSP and Primary, as
well as other substations such as Oxford (previously Osney) and Wallingford.
When secondary substations are moved to be supplied by other feeders, partial load transfer is
observed. Those cannot be accurately reconstructed as measurements are unavailable below the
feeder head.
It is worth highlighting that historical data can quickly become invalid if the network reconfiguration
or upgrade cannot be captured accurately. This can affect the accuracy of the forecast, as well as the
information displayed in the User Interface.

5.2.2 Generator’s connectivity
It can be difficult to obtain precise connectivity information for all generators. Especially, for those
connected on the 11kV network as they are not always shown on PowerOn extracts. Moreover, the
11kV network has many Normally Open Points (NOPs) between feeders, which makes it harder to
understand the connectivity.
However, this information is necessary to disaggregate load between pure demand and
generation. In-depth investigation, sometimes with some support from the Control Room, allowed to
identify at least the substation where generators are connected, and in most of the cases, the exact
feeder of that substation on which the generator is embedded. For smaller generators, this process
can be time-consuming. In the future, efficiency could be improved if generators were precisely
mapped in PowerOn, which would allow to extract information about all generators, automatically in
one batch from PowerOn.
Whenever the feeder information is not available, the generator output is considered at the
substation level, which implies that generation is correct at substation level, but is not accurate on
some feeders, in terms of where specifically those generators are connected.
There are also cases where:
• Generators are connected to one substation, through multiple feeders. In that case, as the
share of generation going into each feeder is unknown, disaggregation is only performed at
substation level.
•

Generators are connected to multiple substations via multiple feeders. If all substations are
in the TRANSITION scope, they are grouped, so that disaggregation can be performed
accurately at Group kevel. If at least one substation is not in scope, disaggregation will still be
performed at Group level, but will not be accurate.

5.2.3 Limited project scope
Other issues are linked to the limited geographical nature of the innovation project scope:
• The project scope had to be extended to take into account that Witney and Yarnton BSPs are
meshed together at 33kV (through Charlbury, Chipping Norton, Bledington and Leafield) as
part of their normal running arrangement. This required to collect data at Witney BSP level,
to be able to model the load at Witney & Yarnton Group level.
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Figure 14 - Witney & Yarnton BSPs’ “Meshed” Connectivity at 33kV level via Chipping Norton Primary

5.2.4 11kV Generators data availability
Most of the 11kV-connected generators do not have associated PI tags, so settlement data had to be
used to build historical datasets. Settlement data was provided by SSEN for each 11kV generator,
where available, and in kWh for each half-hour. Settlement data was retrieved by SSEN from an import
or an export MPAN. Only export MPANs record pure generation signal and can then be used for net
demand disaggregation purposes.

5.2.5 LV Generators
Generators connected on the LV network (mainly rooftop solar panels) can generate a significant
amount of load at Primary level, especially during the summer months. A total of 5.3MW has been
identified across the substations within scope of TRANSITION. Therefore, in order to balance the
solution complexity and accuracy objectives, it was decided to model those LV generators as one single
aggregated generator per 11kV feeder, with the total connected capacity, as shown on the diagram
below.
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Figure 15 – Modelling of PV generation embedded at LV level

To do so, SSEN has gathered a list of embedded LV generation, with the information of where they
are connected at secondary level, which allowed to provide an aggregated view at 11kV feeder, for
each primary in scope.
Commission date is key to understand when the rooftop solar panel start contributing to the
load observed at the feeder or the substation. The installation count vs commissioning date Figure 16
shows that, given that TRANSITION data history covers 2016-2020, it can be assumed that the majority
of the embedded generation was connected before. Besides, since Feed-In Tariffs (FiT) were removed
in March 2019, very few small-scale rooftop installations have been installed since then. Nonetheless,
this approach for getting the data through the FiT scheme will need to be reviewed in future iterations
of the forecasting model to incorporate new installations that occur under other schemes (e.g., the
Smart Export Guarantee tariff). Identifying what and where DER is connected at LV level will be
essential.

Figure 16 - Embedded generation by commission date

There is obviously no generation output data easily available for those generators, and generic solar
models were therefore applied.
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6 Signal Processing
6.1 Description and objectives
Each set of measurements observed at each asset on the network (transformer, feeder, generators),
as collected in the previous phase, are considered. The objective of this activity is to ensure that the
resulting signal observed at the point of forecast is of good quality and is an accurate representation
of the behaviour of the point of forecast in normal conditions.
Moreover, in order to be consistent throughout the solution and for the forecasts sent to the WSC,
signals must be provided in the same units. Based on the measurements captured some
transformations are required to produce MW and MVA signals.

6.1.1 Automatic filtering
Each signal recorded can be subject to a number of types of errors, depending on potential issues
along the data value chain
• Network situation: The network is in an abnormal configuration and readings are deemed
abnormal. For instance, a fault on the network and reading at 0.
•

Analogue configuration: The sensors are working but the level of change in load measure is
not substantial enough to be recorded. The signal appears constant for some time.

•

Recording issues: While the network is operating normally, a potential technical error
recording the measurement in the Historian can lead to no value or outliers.

Therefore, a number of ‘filtering’ rules have been implemented on the individual raw measurements
and at the points of forecasts to capture these abnormal situations. It results in individual MW /
Amps / MVAr signal filtered for each point of forecasts.
6.1.1.1 Filtering of Transformer and Groups
Two levels of filtering have been applied to the measurements at substation level

Figure 17 - Transformer and Group Filtering process

1

Filtering of the raw transformer signals to capture Analogue Configuration and Recording
Issues

2

Filtering of the resulting group signal to capture network situation issues

For instance, a fault on a 33kV cable might result in the loss of 1 of 2 individual 33/11kV transformers.
However, it does not mean that the entire 33/11kV substation signal is of poor quality.
NB: Any filtering at individual transformer results automatically in a filter at Group level.

Page 25

Load Forecasting Solution – Sia Partners

Below is the list of controls automatically applied at Transformer (Tx) and Group level over the entire
history of load collected in the previous phase.
Order

Problem Description

Variable

Rule to implement group level

1

Outage of all
Transformers

MW or Amps

Group MW or Amps = 0 for 5 hours

2

All Transformers appear
‘stuck’4

MW or Amps

All Tx MW or Amps = constant ≠ 0
for 5 hours

3

Individual Transformer
appear ‘stuck’

MW / Amps

One Tx MW or Amps = constant ≠ 0
for 5 hours

4

Outliers

MW or Amps or
MVAr

MW > 25 for 11kv / 75 for 33kv
Amps > MW thresholds in Amps,
considering power factor of 1
MVAr > 25 for 11kv / 75 for 33kv

5

Negative Amps

Amps

Amps < 10

6

No data

MW or Amps or
MVAr

Timestamp without data

6.1.1.2 Filtering of feeders
For feeders a distinction is made between a feeder with demand connected or a feeder with only
generation connected. This is to ensure reading can be appropriately determined. For instance, a 0
reading on a feeder could either be
• A fault if some demand is connected
•

A normal reading in the middle of the night if only a solar farm is connected

Below if the list of controls automatically applied at feeder level over the entire history of load
collected in the previous phase.
Order

4

Problem Description

Variable

Rule to implement group level

1

Fault on Feeder

MW or Amps

Feeder MW or Amps = 0 for 5 hours

2

Feeder stuck

MW or Amps

Feeder MW or Amps = constant ≠ 0
for 5 hours

3

Outliers

MW or Amps or
MVAr

MW > 25 for 11kv/75 for 33kv
Amps > MW thresholds in Amps,
considering power factor of 1
MVAr > 25 for 11kv/75 for 33kv

4

Negative Amps

Amps

Amps < 10

5

No data

MW or Amps or
MVAr

Timestamp without data

Stuck here describes a signal that does not change value over a period of time
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6.1.1.3 Filtering of generator data
Generation data is much more volatile than demand data and capturing a period of inactivity of the
generator can lead to poorly attributing an abnormal situation to a normal event. Therefore,
automatic filtering on pure generation is limited to the absence of data.

6.1.2 Manual filtering
The automatic filtering allows to clean most of the abnormal situations. However, it is important that
the quality of the signal is also driven by business decision. Therefore, additional operations are
introduced as:
• Manual filtering of a timestamp or a period. Regardless of the automatic filtering result, the
data point is considered not representative and will not be considered in the calibration
process. This filters all potential measurements (MW/MVAr/Amps) for these particular
timestamps. For example, on Bicester E5L5 HV feeder below, the period between December
2017 and May 2018 is inconsistent with the feeder history, possibly because of a load transfer
from another feeder to accommodate work on the ground. However, those timestamps are
not captured automatically by the filtering process and must be filtered manually.

Figure 18 - Example of manual filtering on a feeder

•

Manual un-filtering of a timestamp or a period: Regardless of the automatic filtering result,
the data point is deemed representative and will be considered in the calibration process. This
applied to all potential measurements (MW/MVAr/Amps) for these particular timestamps.
For example, the load recorded on University Parks E4L5 HV feeder is quite ‘blocky’, probably
because of a high jitter factor (see section 6.2.1). As a result, most of the load signal is
automatically filtered, as the signal appears constant for a long period, it makes impossible
the calibration of a model as the representative dataset is too short. It has consequently been
decided to un-filter all these constant periods in order to calibrate a model, conscious that the
signal available for this feeder is blocky, and that the forecast that will be provided will
therefore follow a similar pattern.

Figure 19 - Example where manual de-filtering can be applied

NB: If the measurements of a Transformer are un-filtered, automatic filtering is still reapplied at Group
level with the new set of measurements as described in the figure below
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Figure 20 – Un-filtering at Transformer Level

6.1.3 Unit alignment
The forecasts at each of the assets in scope will be provided in MW to the WSC. Moreover, in order to
capture constraints, MVA forecasts need to be developed to align with asset ratings.
However, the measurements available at transformer, feeder or generator levels are not
always available in MW, MVAr and Amps. Estimations are made to develop signals in MW and MVA.
It is assumed that MW and MVAr carry more information on the load of the network, starting
with the direction of the flow, and should be used as a priority. Otherwise, Amps are used with a
Power Factor of 1, if no other information is available. This is summarised in the table below

Figure 21 - Computing MW and MVA signals

For Generators the availability of dedicated measurements is limited. Indeed, most of the generators
connected at 11kV do not have dedicated analogues. Market settlement data, available to SSEN
through the industry data flows, is used instead. The settlement data comes in kWh, in half-hourly
format and can be converted to MVA using the formula below.
𝑀𝑉𝐴 = 𝑀𝑊 = 𝑆𝑒𝑡𝑡𝑙𝑒𝑚𝑒𝑛𝑡𝑠 (𝑘𝑊ℎ) × 2 ÷ 1,000

6.2 Challenges and solutions
6.2.1 PI Historian and Jitter Factor
To limit the amount of data being recorded, SSEN PI Historian is set up to record data by exception,
according to some pre-determined jitter factor. In other words, PI works based on dead-bands of how
big/small a change in the data needs to be for it to get recorded in the system. Hence, there is no
minimum time resolution for the data. Data could go back at least 5-10 years for those substations
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with old enough communications systems. Even though this would have to be supplemented by
accurate knowledge of any network reconfiguration that may have impacted the measurements.
The jitter factor is the number of bits by which an analogue has to change before the Remote Terminal
Unit (RTU) sends the changed value (a jitter of 40 is 1% of full scale). So, for an analogue set up for
current (AMPS), where the maximum current expected is 1,200A (4095 bits), then the current has to
change by more than 12A (1%) for the new value to be sent by the RTU to the PI Historian. For
analogues recording power (MW), the jitter factor is typically 5 or 1. The range of power expected is
set to -100MW to +100MW thus a jitter of 5 equates to (5/4095) * 200 = 0.244MW. This means that
no new value would be recorded on this MW analogue if the change is below 244kW.
Quality issues emerge from historical data not changing enough to record a new data point. Based on
the previously mentioned automatic filtering rules, this can lead to filtered data point over a long
period of time.
See here an example on a week in August 2017 for one of the primary substations in scope
(Transformers measured in MW, timestep is 30 minutes):

Figure 22 - Transformers Filtered at Primary substation

This situation has been experienced at extreme levels on at least 3 Primary substations in scope
Solutions investigated and implemented
1 Use of Amps: Considering the amount of change required on the analogue is different depending
on the unit observed, similar filtering functions are run with Amps instead of MW
2

Sum of feeders: Assume all net demand at the substation is captured by using all measurements
at the 11kV feeders. Filtering rules are applied to the resulting summed signal.

3

Feeders individually: Similar to the previous option, with the difference that filters are applied to
feeders individually and brought back to the resulting signal.

4

Use of other Transformers (used at Milton Primary only): Assume the profile of the net load is
captured by the other 2 transformers and the filtering on the errant data E3T0 transformer can
be ignored to derive filtering at overall Primary substation group level.
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The table below represents the percentage of unfiltered data points over the entire history available
at the substations and the solution implemented

Figure 23 - Filtered signals due to Jitter Factor related issues

6.2.2 Generation data
At lower voltage levels, generators do not always have dedicated measurements recorded in the
historian system. In order to capture accurate historical output, and to train a dedicated model for the
generator considered, market settlement data (available to SSEN through the industry data flows) is
used instead.
For the generators with both PI data and settlements data, a study was run to confirm the
appropriate use of settlement data for the other 11kV generators. Broadly PI Data and settlement
data were in line, with some minor acceptable differences.
For some individual cases, clear differences arose from the comparison. After investigation
internally, it has been concluded that the historical settlement data were inaccurate and PI data
should prevail. However, the overall study confirmed the possibility to use the settlement data as
representative outputs for the generators.

Figure 24 - Difference between Settlement and PI Historian Data

6.2.3 Analogue readings and direction of flow of electricity
Whilst Amp analogues always record positive values and do not capture the direction of flow, MW
and MVAr analogues can record both positive and negative values. A sign convention needs to be
adopted to ensure that the solution has the correct interpretation of analogue readings.
For the purpose of the programme and in line with the conventions defined in section 4.2.1,
it has been agreed that load flowing from high voltage to low voltage will be negative, and load flowing
from low voltage to high voltage will be positive
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Based on this convention, several analogues at feeder level were providing measurements in
the opposite direction. The notion of polarity has been introduced to capture this change of direction
without altering the measurements recorded.
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7 Disaggregation
7.1 Description and objectives
Measurements observed at a specific asset (feeder or substation) capture both the total demand and
total generation connected to the asset. This is referred to as ‘net demand’.
However, demand and generation are driven by different sets of variables and thus they must
be modelled separately. Measured signals are therefore separated into a ‘pure demand’ (sometimes
named ‘underlying demand’) load curve and a set of ‘pure generation’ load curves as part of the
forecasting process. This activity is called ‘Disaggregation’.
For each group or feeder, the disaggregation comprises several stages as summarised in the figure
below:
1. Identification of the Generators contributing to the net demand observed
2. Quantification of the historical contribution of each generator to the net demand
3. Removal of the pure generation from the net demand signal, resulting in an assumed pure or
‘underlying’ demand signal
4. Filtering of the resulting underlying demand signal to ensure only representative and
appropriate data points are kept for the calibration of the demand model

Figure 25 - Historical Disaggregation Process

The filtering activity (stage 4 of the disaggregation process) is separate to the automatic filtering
function developed for the raw measured signals. It takes into consideration the filtering results from
all signals (net demand measured and generation outputs) and only keeps data points for which no
signal is filtered. This ensures that the resulting signal does not capture a poor-quality data point.
The output of the disaggregation activity is a clean underlying signal for each group and feeder
considered in scope of the TRANSITION Programme. These signals will be used to calibrate a demand
model at the forecast point. Below is an example of disaggregation on Wallingford E5L5 HV feeder:
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Figure 26 - Example of Disaggregation

7.2 Challenges and solutions
7.2.1 Limited scope
To provide accurate results, the process requires accurate inputs, i.e., an accurate and comprehensive
set of generation signals. If the generation signals used as inputs are not comprehensive covering all
embedded generation that exists, there will be some generation ‘left’ in the processed data output
which may ‘skew’ the resultant pure demand signal.
For the TRANSITION project area scope, disaggregation at BSP level was not as accurate as
could ordinarily be achievable or desired, as for each BSP, not all of the connected primaries are in
scope (due to time and budget reasons), which implies that some generators are not considered (e.g.
for Drayton BSP, only the generators that are connected to Milton Primary are considered; the
generators connected to any of the other five primaries fed by Drayton BSP are out of scope).
The impact is the inability to reconstruct an accurate pure demand signal for this BSP which
in turn leads to a sub-optimal pure demand forecasting model. This impacted the future net demand
forecast produced at the asset considered.

7.2.2 Suspected missing generation (example of Drayton)
In some cases, not enough clarity was provided on the generation connected to a particular
substation. This was the case for Drayton, where, whilst almost all generation was assumed identified
(generation connected to primary substations not in scope was missing), the behaviour of load at
transformer levels were not in line with the connected generation. Therefore, the disaggregation into
2 individual signals has been negatively impacted, which leads to inaccurate models.

7.2.3 11kV-connected generators without PI tags
Most of the 11kV-connected generators do not have associated PI tags, so settlement data had to be
used to build historical datasets. However, for some of those generators, the settlement MPANs do
not record pure generation, but a mix of demand and generation that cannot be separated. This means
that no historical pure generation data is available.
In that case, generic models are applied to the generators for disaggregation purposes. The
type of generic model depends on the generator’s fuel, as described below.
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Figure 27 - Types of generic models

Technology-based generic model (PV): the generation load is considered to be produced by a standard
theorical solar panel. An averaged and normalised power curve profile over the most represented
assets is used and for each generator, the generation load is computed by applying this generic profile
to the measured weather conditions at the generator’s location.
For non-weather dependent generators, generation output can only be modelled with
constant or step signals. Constants are chosen as a percentage of the maximum capacity of the
generation asset, depending on the generator’s fuel type, as shown in the table above.
This impacts the historical disaggregation process and has an impact on the quality of the
generation signal and the pure demand signal.

7.2.4 Availability of AMPS analogues only
In order to remove the impact of generation to the net demand signal, it is necessary to understand
whether the direction of the flow of electricity measured at the group or feeder level. Indeed, if
accounted for in the wrong direction, it could lead to double counting the impact of generation.
Unfortunately, specifically for feeders, the direction of the flow cannot be captured by the
analogues. Measurements recorded in Amps only do not provide this information, as opposed to
measurements recorded in MW. Therefore, the direction of the flow has to be determined/estimated.
An automatic identification process has been put in place to capture the direction of flow for
assets where the MW analogues cannot provide this. This process is based on the sign convention
described earlier (negative values represent load drawn to lower voltage levels and positive value
represent load push back to higher voltage levels) and is as described below:

Figure 28 - Automatic flow direction identification process

1. Generation does not compensate enough: This step assumes that if the magnitude of
generation is not high enough to reach the level of net demand, then the reading cannot be
recording load being pushed back to higher voltage levels via reverse power flow. Therefore,
we assume the recordings are reading in the right direction. Underlying demand is computed.
2. Generation is too high: For each asset, an indicative threshold has been determined. It
corresponds to the average of net demand recorded over the 4 years historical data. It is
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assumed in a first instance, that if the generation is above this average, then the likelihood of
exporting is greater than this of importing. Net demand is ‘flipped’, and underlying demand is
computed.
3. Checking the result: To ensure that the resulting signal matches expectation, a control check
of the result is applied. It is based on the assumption that underlying demand is, by definition,
lower (with the appropriate sign convention) than the net demand. This is because the
demand is compensated by some amount of generation. Therefore, if the resulting underlying
demand signal is greater than the original net demand signal, the net demand signal is ‘flipped
back’ and underlying demand recomputed
A set of studies is being run to capture abnormal points where the disaggregation process might be
too simple. However, this first level allows a satisfying initial level of automated computation.
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8 Model calibration from historical data
8.1 Description and objectives
The objective of this phase is to determine relationships between load (pure demand or generation,
as obtained in the previous step) and explanatory variables. There are 2 main categories of
explanatory variables in this work to date (see Figure 30 for full list of variables):
•

Calendar variables, which explain the seasonal-ity and diurnal-ity of the load profile, and

•

Weather variables, which model the weather sensitivity of consumption and generation

While Demand is impacted by both weather (e.g., temperature) and calendar (e.g., weekends,
Christmas holidays) variables, some generators are not weather dependent. This is the case of gas
turbines, some hydro power stations or energy from waste plants for example. For these generators,
the output is assumed to be linked to calendar variables only. It is recognised that other market-led
variables influence the output of the generators but those have not been considered directly in the
scope of this work, and thus remain a future endeavour to be considered.

8.1.1 Preparation of the calibration dataset
The data required to train a model includes the point of forecast load curve, resulting from the
disaggregation process, and data for the above-mentioned explanatory variables, relevant for the
asset and on the same period. For each point of forecast (Group, Feeder or Generator), the calibration
process gathers this calibration dataset from the project database, as shown below.

Figure 29 - Illustration of Calibration datasets

The calibration dataset is then split:

5

•

Into instants5. This is done to capture the effect of each explanatory variable, which can be
different depending on the time of day. For instance, the “day of week” variable does not have
the same impact on demand at 5AM and at 10AM.

•

And then into separate ‘Train’ and a ‘Test’ datasets.

An instant is a given half hour of the day e.g., 10.30, 18.00 etc. So, there are 48 instants in the day.
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o

The Train dataset is made of the first 80% of the data, sorted by timestamp. This first
dataset is used to fit the models: the machine learning model will optimise the
prediction made over this dataset.

o

The remaining 20% of the data is used to build a Test dataset, which is never used to
fit the model but only used to calculate the metrics of the model, thus giving a realistic
idea of the operational performance of the model.

8.1.2 Introduction to GAM models
Generalised Additive Model (GAM) were first described in 1986 by Tibshirani and Hastie6. The Python
implementation of the algorithm, using the pygam7 library, was used for this project.

Figure 30 - Pygam parameters used

GAM is an additive model, based on the assumption that the dependencies of the target variable with
the explanatory variables can be added together. These dependencies are modelled using smooth
special functions called ‘feature functions’ that can capture four types of behaviour: non-linear, linear,
categorical and interdependent (or tensorial).

The equation to solve is
𝐿𝑜𝑎𝑑 = 𝐿𝑜𝑎𝑑0 + 𝑓1 (𝑥1 ) + 𝑓2 (𝑥2 ) + ⋯ + 𝑓𝑛 (𝑥𝑛 ) + 𝜀
where fi are the feature functions, and xi are the explanatory variables. By design, these feature
functions are independent and additive. 𝐿𝑜𝑎𝑑0 is called the intercept of the model and represents the
default level of consumption. Each feature is then added or subtracted to this baseline level based on
the level of the associated variable
Different types of feature functions can be used to model the associated load: linear, non-linear,
categorical or tensorial. For demand and generation models, only non-linear and categorical feature
functions are used, depending on the type of variable. For instance, the dependence to the Day of

6
7

R. Tibshirani et T. Hastie, Generalized Additive Models, 1986.
https://pygam.readthedocs.io/en/latest/index.html
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Week variable would be modelled by a categorical function, and the dependence to Temperature by
a non-linear function.

Figure 31 - Type of feature functions

Non-linear feature functions are built using penalized ‘basis splines’ (or b-Splines). A b-Spline consists
of a weighted sum of a family of basic functions. The final feature function is penalized both by the
number of basis functions present in the family, as well as by the control of the slope of the overall
function. Fitting the model will mean attributing a coefficient to each b-spline in the family in order to
create the feature function (see Figure 32). Adding more splines to the family will mean a more precise
fitting, but a greater computation time and potentially some model overfitting which is why the
number of splines in the family is penalized in the model.

Those parameters are optimised using a ‘gridsearch’ of the best parameters on the train dataset.

Figure 32 - Illustration of b-Spline – y-axis is the weight of individual function and x-axis is the number of functions

Categorical features are used to model discrete variables such as the day of the week or the bank
holiday variables, which can only take a finite number of values. The model will also fit a feature
function on the given values, but since the number of possible values is limited, the fitting is much
simpler because the number of degrees of freedom is the number of different categories. Therefore,
there is no need to use b-splines but only to attribute one coefficient per category.

Below is an example of the result of the model over and the contribution of each variable to
2 different instants: a Monday in winter and a Saturday in summer
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Figure 33 - Numerical example of the Load and contribution of each variable

8.1.3 GAM model calibration
We chose a Generalised Additive Model (GAM) to predict the load curve. This model has been widely
used in the industry for load curve modelling because of its good performances when fitted by instant
and its explainability (variables are additive and can be explained through the individual feature
functions). A general Machine Learning model was chosen instead of a pure auto-regressive model
such as Prophet because some external variables are included as well, namely weather variables.
For each instant, a GAM model is trained and tested, and the 48 models are saved and used to
calculate metrics on the entire dataset, as explained on the chart below.

Figure 34 - Model training methodology

If a model is successfully calibrated, it becomes by default the active model of the point of forecast,
which will be used in the daily evaluation. However, from a process point of view, previously fitted
models are not erased and it would be possible to switch back to a previous model if suitable in due
course.

In order to understand what data has been used to calibrate the model and performance of each
model, some metrics are calculated for both the training and testing datasets:
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•

Data completion: The percentage of data present between the first and last timestamp in the
train and test dataset. This is equal to the number of valid data points in the considered
dataset divided by the total number of potential data points (i.e., total number of timestamps
between the first and last timestamps of the considered data set).

•

Start and end date: When does the train / test dataset starts and finishes

•

Mean Average Percentage Error (MAPE): Measures the average relative error between the
model and real observations over the period
𝑵

𝟏
𝑬𝒓𝒓𝒐𝒓(𝒕)
𝐌𝐀𝐏𝐄 = 𝟏𝟎𝟎% ∗
ฬ
ฬ
𝑵
𝑹𝒆𝒂𝒍𝒊𝒔𝒆𝒅(𝒕)
𝒕=𝟏

For Generators, a slightly different metric is used to account for the fact that the production
will very often hit 0 (MAPE*):
𝑵

𝟏
𝑬𝒓𝒓𝒐𝒓(𝒕)
𝐌𝐀𝐏𝐄 = 𝟏𝟎𝟎% ∗
ฬ
ฬ
𝑵
𝑪𝒂𝒑𝒂𝒄𝒊𝒕𝒚
∗

𝒕=𝟏

•

Root Mean Square Error (RMSE): Measures the average of absolute error, in MW, between
the model and real observations over the period
𝑵

𝟏
𝐑𝐌𝐒𝐄 = ඩ (𝑬𝒓𝒓𝒐𝒓(𝒕))𝟐
𝑵
𝟐

𝒕=𝟏

And for the full dataset:
•

Percentage of data filtered: the percentage of data points filtered in the dataset

•

Min and max values of the signal

A calibration report including those metrics and some charts to provide a visual understanding of what
has happened during the calibration process is also created. The report is saved as a pdf file, with the
link to it available on the platform.
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Figure 35 - Example of a calibration report

From a process point of view, a Calibration task fetches all the necessary data in the Project database,
formats it and splits it. GAM models are then trained and saved into pickle files (python objects) in the
project bucket, metrics are exported to the Project database and a calibration report (pdf) is created
and sent to the Project bucket.
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Figure 36 - Technical view of the calibration process

8.2 Challenges and solutions
8.2.1 Feeders with very low values
Five 11kV feeders have load values lower than 0.1MW, which are normally removed from the training
dataset because values too close to 0 are problematic for the MAPE calculation and usually affected
by the precision of analogue readings (see Jitter Factor 6.2.1). A calibration was still tried on those
feeders, but the results were inaccurate because of the limited variations in the levels of consumption.
Calibration results with GAM models are consequently poorer than with constant models. It was
decided to opt for constant models for those five 11kV feeders, the constant being the feeder average
load over a representative period.
This is the case for:
•

Milton E10L5

•

Milton E14L5

•

Milton E3L5

•

Yarnton Primary E16L5

•

Yarnton Primary E5L5 (see load below)

Figure 37 - Example of a feeder with very low load values (Yarnton Primary E5L5)
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8.2.2 No or not enough history
Some feeders and some generators do not have load history at all.
In that case:
•

For feeders, no demand forecast will be provided. This is the case of Drayton C7L5 & C18L5
and Yarnton C1H0 & C2H0.

•

For generators,
o

that are weather dependent, a generic model is used. Load forecasts are calculated
using a generic profile (see section7.2.3).

o

that are not weather dependent, constants or step outputs are used. Load forecasts
are constant at a pre-determined percentage of the generator’s maximum capacity
(see section 7.2.3).

The situation is the same when points of forecast do not have enough history to calibrate a model
(i.e., less than a year). This is the case of Oxford C1H0, C2H0 and C10L5.
When short history is due to network changes, there is a possibility to reconstruct what the historical
load would have been in the current network configuration. This allows to artificially build a model on
a representative load curve with greater depth. This process was done for Bicester and Bicester North
Primary (as Bicester North was created in 2019 as a 132/33/11kV substation and started feeding
Bicester – which was previously fed from Headington). Based on the network change information
provided by SSEN, it was possible to reconstruct a full history using the current network arrangements,
both for the transformers, and for the feeders which underwent changes. These reconstructed full
historical datasets were attributed to shadow assets in the database and used to calibrate models.
In the case of Bicester North and Bicester, there was just enough history to calibrate models,
as the network changes happened in 2019. Models were consequently also calibrated on the short
history available, and their quality was compared to the one of models obtained with reconstructed
history.
For Bicester and Bicester North 11kV groups, the quality of reconstructed history models was
better than the one of short history models on the ‘train’ datasets. On ‘test’ data sets though, the
quality of the models made on the short history was better. But considering that the test dataset of
short history models corresponds to the covid period, it was decided that this may not be the most
representative of future load. Therefore, for these two groups, the models obtained from
reconstructed history were kept and attributed to the “real” assets (BICN and BICE groups).
For the other points of forecast (Bicester North 33kV groups and feeders, and Bicester and
Bicester North 11kV feeders), models calibrated on the short history were of better quality than
reconstructed models and therefore kept.

8.2.3 Impacts of COVID-19 pandemic
The COVID-19 pandemic, and especially national lockdowns, have had significant effect on power
consumption and generation. Therefore, historical load datasets for the period from March 2020
onwards often differ from the rest of history, which complicates model calibration.
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For most of the points of forecast, models calibrated on historical datasets finishing in March
2020 (i.e., excluding the COVID-19 period) have better quality metrics than the ones including COVID19. Besides, it is assumed (as a best guess for now) that load will slowly get back to pre-pandemic
levels and patterns, so it has been decided to calibrate models on historical datasets excluding the
COVID-19 period.
There are only a few exceptions for which the full dataset was used, including the COVID-19
period, which are listed below:

Points of forecast

Explanation

Bicester North 33kV
Group and feeders
(all)

Bicester North was constructed as a 132/33/11kV substation (BSP and
Primary) in the second half of 2019. Consequently, cutting historical
datasets in March 2020 would leave less than one year of data. This is less
than the necessary data to calibrate models, so the COVID-19 period had
to be included.

Bicester North 11kV
feeders (all)
Bicester Primary
feeders E1L5, E4L5,
E10L5 and E12L5

Those feeders clearly underwent significant changes as Bicester North was
created and Bicester Primary was transferred from Headington to the new
Bicester North BSP substation (see example of Bicester E1L5 below). As a
consequence, it was impossible to use the load data dated before the
network change. This meant that for those feeders, datasets started in the
second half of 2019 and had to include the COVID-19 period in order to be
one-year long.

Headington Group

Headington measurements show a drastic change of demand levels
between periods prior to the creation of Bicester North BSP in summer
2019, between summer 2019 and summer 2020, and after summer 2020.
It has been agreed that a more recent historical data (from summer 2019)
would better match the current levels of demand and generation at
Headington BSP. Therefore, the COVID-19 is included in Headington
calibration dataset

Note: As described in section 8.2.2, Bicester North 11kV and 33kV feeders and 33kV group were
reconstructed using network changes information. However, the quality of the models obtained for
the reconstructed feeders was poorer than the quality of the models obtained for the short historical
datasets including COVID-19. It was consequently decided not to use the reconstructed models.
However, this decision may be reviewed if connection to real time data is achieved in a later extension
of this work.
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Figure 38 - Example of Bicester E1L5

8.2.4 Evident change of demand behaviour
A number of 11kV feeders show long-term changes of behaviour, meaning that load history is not
consistent across years. This would lead to demand models being inaccurate, as the demand model is
trained on a period with different consumption behaviour.
Where a natural breaking point in the demand load curve has been identified, manual filtering of the
beginning of the load history allowed to improve model metrics by calibrating on a more consistent
historical dataset. A substantial length of history is still needed to calibrate a model appropriately.
This is the case of:
•
•
•
•
•
•
•
•

Arncott E6L5
Berinsfield E3L5
Bicester E10L5
Bicester E1L5
Bicester E4L5
University Parks E25L5 (see load below)
Yarnton Primary E10L5
Yarnton Primary E1L5

Figure 39 - Example of a feeder with evident change of behaviour and manually filtered (University Park E25L5)

This is also true for some generators, for which the same solution is deployed. For example, a medium
sized Landfill Gas generator clearly changed of behaviour in 2019, which resulted initially in a relatively
poor model quality. Filtering history before the behaviour change allowed to significantly improve the
situation (new Test MAPE below 3% compared to 17% before), as shown on the calibration reports
below.
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Figure 40 - Example of quality improvement by filtering on Sutton Courtenay Landfill gas

8.2.5 Continuous change of demand behaviour
For other feeders, changes in demand are more continuous or happen later in the historical dataset,
so filtering inconsistent periods would not leave enough history for calibration. For those feeders,
model quality consequently remains relatively poor, compared to others. This is the case of six
feeders:
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• Bicester E5L5
• Berinsfield E2L5
• Milton E24L5 (as shown below)
• Rose Hill E5L5
• University Parks E14L5
• University Parks E21L5
This can be improved in the future with real-time data integration and short-term correction (see
section 13).

Figure 41 - Example of a feeder with continuous long-term behaviour (Milton E24L5)

8.2.6 Conventional generators
The calibration of model for weather-dependent generators (PV, wind farms) has provided very good
results. The calibration of non-weather dependent, conventional generators is more complex,
considering on the variables at hand and used in the TRANSITION project.
Based on the method explained above (see paragraph 8.1), the generation model is being
trained on historical data, and calendar variables are the only features used to explain the output of
the generator. However, calendar variables used alone do not allow to accurately predict the volatility
of those generators. Figure 42 shows the output recorded by a conventional generator over 3 weeks
in Summer 2020

Figure 42 - Measured output from conventional generator

Over this period, we can see that no output was recorded between 31/07 and 02/08, but daily output
is recorded a week later at the same time. Similarly, the generator is working almost at nominal output
between 12/08 and 14/08 continuously.
Having only calendar information is not enough to fully determine the output profile of the
conventional generators. Other market variables would be required to model more accurately the
behaviour of these generators.
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As such the model obtained for this generator is not at the same level of performance than
the ones of other renewable generators.

Figure 43 - Calibration report for an example conventional generator
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9 Calibration results for historical data model fitting
Overall, the performance of all demand and generation models developed as part of the TRANSITION
project has been very satisfactory and in line with our expectations. Despite the challenges described
in previous sections of the report, the results are of good quality.

9.1 Primary substation models
At primary substation level, the calibration of the demand models is outstanding. With the exception
of 1 demand model (13.4% MAPE) and the reconstructed Bicester North Primary (19.7% MAPE), all
models are below 10% MAPE at Primary substation level.

Figure 44 - Primary substations calibration results
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9.2 HV feeder models
Similarly, at HV feeder level, despite a lower level of quality of the historical data and a lot of
reconstruction due to network configuration changes, the performance of the demand models is well
within acceptable levels. 94% of 11kV feeders with models have a MAPE <20%. Constant models,
including open points and the reasons for the remaining lower-performing models have been
explained in previous sections of the report.

Figure 45 - 11kV feeders calibration results
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9.3 BSP models
At BSP level, the models have not performed as well, based on the explanations provided in earlier
sections. However, apart from Drayton, all models are still well below 20% MAPE, which is very
satisfactory.

Figure 46 - BSPs calibration results

9.4 Generation models
Finally at generation level, the weather dependent generators show a great level of performance with
an average of 5% MAPE*. Conventional generators show higher levels of MAPE* (around 20% or
greater) due to the reasons explained in previous sections of the report. Only one asset has a poor
MAPE, which is still under investigation.
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10 Load forecasting – Model evaluation for future load forecasts
10.1 Description and objectives
For each asset on the network, pure demand and pure generation models have been calibrated based
on the historical underlying demand and generation load curves, obtained at the disaggregation stage.
These individual models are used to determine the expected underlying demand and generation
outputs in the future.
These models are function of explanatory variables, namely calendar and weather variables
(see section 8.1). The models are evaluated with the forecast of these explanatory variables to
determine the expected demand and generation forecast. The Load Forecasting solution relies on 2
sources of weather data:
• ICON-EU-EPS: through the collection of 40 individual members, it provides the probabilistic
view of the weather forecast over the next 120 hours (see section 10.2 for more information).
This brings 40 individual weather forecasts (see section 10.4 for more detail on probabilistic
forecast).
•

MOSMIX which provides a single deterministic view of the weather forecast over the next 240
hours (see section 10.3 for more information). This forecast is seen as scenario #41.

These weather forecasts are made available by DWD and captured, processed, and cleaned by Sia
Partners’ proprietary solution, before being made available to the TRANSITION Load Forecasting
solution.
For the WSC, the objective is to determine the expected net demand in MW for each point of
forecast in scope. However, for operational purposes, the Load Forecasting Solution provides full
forecasts of underlying demand, generation, and net demand both in MW and MVA.
From a technical process point of view, a Forecast evaluation task fetches, for each point of
forecast, the associated model from the Project bucket and evaluates it against the calendar and
weather variables.

10.2 ICON – EU: Ensemble prediction system to H+120h
The ICOsahedral Nonhydrostatic model (ICON) is the global and regional numerical weather prediction
model at DWD, a German weather agency. The ensemble prediction system (EPS) of the ICON model
generates 40 separate, individual and equally-weighted weather forecasts, or so called ‘members’, in
a nested domain over Europe (ICON-EU).
Each member is initialised from a slightly different, but realistic, configuration of the initial
atmospheric state to account for uncertainties in our knowledge of the current state of the
atmosphere. DWD initialises these forecasts four times a day with a view of the situation at 00, 06, 12
and 18 UTC. These 40 separate members therefore capture the likely spread of uncertainty in the
weather forecast values in the D+4 horizon.
Weather forecast is available by icosahedral projection (triangles projected over a sphere),
with grid spacings of approximately 1-20 km. The figure below shows where ICON-EU-EPS weather
forecasts are available in the TRANSITION area.
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Figure 47 - ICON-EU-EPS weather forecast availability map

The variables used to evaluate our models include 2m altitude temperature, 10m u component of
wind, 10m v component of wind, which are used to compute wind speed and direction, surface solar
radiation downwards and total precipitation. Each variable forecast is processed by a Sia Partners’
proprietary accelerator which produces hourly outputs provided to the TRANSITION project. The
hourly signals are decomposed in half-hourly weather by linear interpolation. Forecasts are provided
for the next 120h.
All 40 individual weather scenarios are made available on DWD servers 3h after the run time
and are integrated in the Load Forecasting Solution database automatically shortly after.

10.3MOSMIX: Deterministic forecast to H+240h
DWD’s fully automatic MOSMIX product optimises and interprets the forecast calculations of the NWP
models ICON (DWD) and IFS (ECMWF), combines these, and calculates statistically optimised weather
forecasts in terms of single deterministic point forecasts (PFCs). Thus, statistically corrected, updated
forecasts for the next ten days are calculated for about 5,400 locations around the world. MOSMIX
forecasts are provided 4 times a day with a view of the situation at 03, 09, 15, 21 UTC
Weather forecast is available at specific physical weather stations and some ‘interpolation
stations’. The figure below shows where MOSMIX weather forecasts are available in the TRANSITION
area.
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Figure 48 - ICON-EU-EPS weather forecast availability map

The variables used to evaluate our models include 2m altitude temperature, wind speed, wind
direction, surface solar radiation downwards and total precipitation. Each variable forecast is
processed by a Sia Partners’ proprietary accelerator which produces hourly outputs provided to the
TRANSITION project. The hourly signals are decomposed in half-hourly weather by linear
interpolation. Forecasts are provided for the next 240h.
The deterministic weather forecast is identified as Scenario #41 and is made available on DWD
servers 1h after the run time and are integrated in the Load Forecasting Solution database
automatically shortly after.

10.4 Focus on probabilistic forecasting
The availability of 40 different weather scenarios in the D+4 operational time horizon allows to provide
a sense of the anticipated uncertainty range of operational forecasts. Contrary to a single unique view
of the future (i.e., one deterministic scenario), those member scenarios allow to compute multiple
demand and generation forecasts, which can in turn be interpreted from a probability point of view.
The scenarios are completely independent from each other and are just different
perturbations of the initial atmospheric state for each weather model run. For a given run, each
scenario is the output of a weather forecast model that was run with a set of parameters, which is
itself the output of another probabilistic modelling. As a result, all 40 scenarios of one given run are
completely interchangeable, and there is no relationship between scenarios from one run to another.
However, taken together, the 40 scenarios provide a credible band of forecast where future
weather is expected to land. Each weather scenario becomes an input to the model and the evaluation
of each weather forecast provides a set of Demand and Generation forecasts. From all possible
demand forecasts, the range (min/max) of possible load forecast can be derived and is displayed on
the Forecast User Interface.
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The development of probabilistic forecasting within the TRANSITION load forecasting work
has been a key innovation focus and is particularly suited to capturing accurately and pragmatically
the impact of renewable driven generation (solar, wind etc) on the distribution network flows, both
now and into the future as embedded capacity rises.

Figure 49 - Illustration of Probabilistic VS deterministic forecast

10.5 Computation of net demand forecast and representation on the
Load Forecasting Solution interface
In order to provide the net demand at each point of forecast, underlying demand forecasts, and
generation forecasts are combined, for each member scenario by member scenario (see Figure 50 –
i.e., internal scenario consistency). For each asset on the network and for each scenario, the
evaluation of underlying demand forecast, pure generation forecast, and net demand forecast is
provided to the WSC. Therefore, for each point of forecast, 40 different load forecasts scenarios are
provided to the WSC.
On the user interface side, in order to facilitate the readability of the charts, it has been
decided that not all 40 load forecast scenarios will be displayed. Instead, over the following 4 days,
the upper and lower bounds of the forecast “envelope” will be provided in order to capture the min
and max possible ranges in a manner that is easily discernible by a control room engineer. The
deterministic forecast over the following 10 days will also be displayed. For each feeder and group,
the platform shows 3 sets of upper and lower bounds:
• Underlying demand: for each timestamp, upper and lower bounds are computed as the min
and max values obtained when evaluating the demand model for the 40 scenarios
•

Generation: Each generation model is evaluated for the 40 scenarios. Each scenario is
aggregated at feeder / group level to develop a forecast of the total generation. Upper and
lower bounds are computed as the min/max values of the 40 total generation forecasts, for
each timestamp

•

Net demand: Aggregation of the Net demand, scenario by scenario, by addition of the
Underlying demand and Total Generation. Upper and lower bounds are computed as the min
and max values of the 40 net demand forecasts.
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For each Generator, there is only one single generation model. Upper and lower bounds are thus
computed as min/max of the generation forecast over the scenarios.
The figure below explains the computation of the net demand for the 40 probabilistic
scenarios – based on the diurnal trend, this is clearly a case example where the dominant generation
type is solar PV. One can see that the range of uncertainty increases with respect to forecast horizon.
Beyond a timeframe of a couple of days, then clearly the range of uncertainty grows significantly.

Figure 50 - Evaluation of 40 scenarios and reaggregation

Below is what the representation of this probabilistic forecast is displayed on the user interface, with
the min and max possible ranges.

Figure 51 - Representation of probabilistic forecast
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11 Constraint detection in the User Interface
11.1 Description and objectives
This section describes the simple alerting system put in place within the ‘landing page’ of the
Forecasting Graphical User Interface for rapid situational awareness in the operational timeframe.
The indicators developed or congestions detected in this user interface are not passed to the
WSC and purely remain within the Load Forecasting Platform. They are intended as a high-level first
pass preview of anticipated network thermal congestion at key points, that can be used as a trigger
for more detailed load flow analysis in a PSA tool or within the WSC as required thereafter.
For the (subjective) purposes of the TRANSITION project, only thermal congestion (i.e., the
maximum loading that would result in overheating and degrade the insulation8) at the transformers
of the Primaries and BSPs in scope have been depicted in this alert page.
The associated 33kV and 11kV feeder ratings have not been considered in this UI directly, so
as to provide a high-level warning alert and not have too much visually complex detail. Moreover, the
feeders in the 11kV network are extensive in terms of sections type and are not made from a single
cable but from a variety of cable types that change downstream of the feeder head. Hence, there is
not a single “feeder rating” that can be used at 11kV level. Finally, measurements are only available
at the head of the feeder, whereas a constraint is more likely to appear downstream in the feeder,
where the type of cable has a smaller cross-sectional area. The detailed assessment of the 33kV and
11kV feeders congestion will be performed by the PSA in the WSC in any case.
In order to develop some simple alerting rules in the user interface, then 2 sets of limits have been
identified and applied for the Primary and BSP Transformers:
• N-0 kVA rating: Sum of all continuous kVA ratings of each transformer within the group. This
represents the ultimate physical limit of electrical flow the substation can sustain
•

N-1 kVA rating: Similar to N-0 kVA rating without the largest transformer of the group. This
represents a degraded situation of the network when the largest transformer has tripped, and
the flow of electricity is managed by the remaining transformers

Thresholds for alerting have been based on the N-1 kVA continuous ratings. If the load forecast is
predicted to go over 90% of the N-1 kVA continuous rating, an alert is triggered and displayed on the
main dashboard of the Load Forecasting Interface. The 90% percent threshold was decided after
discussion and feedback from the control room engineers on what they would find most useful on an
operational dashboard.
The following continuous ratings and alert thresholds have been considered for each Primary
and BSP within the TRANSITION project area of scope interest:

8

For transformers where a Continuous Emergency Rating (CER) was available, this kVA rating has been used to
calculate the constraint threshold. For those without a CER, the continuous kVA rating (i.e., the nameplate rating) was used.
These are the ratings used by the Control Room engineers, because these ratings are more conservative that cyclic ratings
used in other system planning studies which might consider short-term overloads.
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Figure 52 - List of N0 and N1 kVA ratings, and alert thresholds

11.2 Identification of potential constraints
Between the 40 individual scenarios over the following 120 hours and the deterministic forecast over
the following 10 days, comparing the evaluation of the forecast to the alert thresholds can lead to
multiple interpretations. It has been decided to implement a simple set of rules to avoid confusion
and alert when necessary:
• Only probabilistic forecast is considered: Due to the nature of uncertainty of weather forecast
and the operational considerations, it is more relevant to focus on the more recent forecasts,
and
•

Only the Upper bound of this probabilistic forecast is considered: This is to reflect a worstcase scenario, instead of comparing against 40 different scenarios

Following the evaluation of Net Demand probabilistic forecasts (MVA) for each group, the upper
bound is compared to the alert threshold, based on 90% of the N-1 kVA rating for the considered
group. If maximum net demand (MVA) reaches that threshold over the next 4 days, an alert is
triggered.

11.3 Quantifying the potential constraints
Whenever the threshold is reached, a set of characteristics are computed on the potential constraint
period:
• ‘Start time’: The first timestamp when net demand is greater than the alert threshold
•
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‘End time’: The last timestamp where net demand is greater than the alert threshold and for
all timestamps since ‘Start time’ net demand is greater than the alert threshold
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•

‘Duration’: The duration between start time and end time

•

‘Max Constraint Correction’ (MWh): This represents the maximum volume required to de-risk
the substation and bring it below alert threshold. It is computed by the difference between
maximum net demand over the period of constraint and the alert threshold, multiplied by the
duration of the period.

•

‘Total Energy for constraint’ (MWh): This represents the effective volume at risk over the
period of constraint. It is computed by summing all individual volumes over the alert threshold
timestamp by timestamp

NB: Several periods of constraints can be detected over the forecast length. All indicators are
computed on the individual periods of constraints and results are provided for each group.
Below is a representation of the detection of constraints and the difference between Max Constraint
Correction and Total Energy for constraint

Figure 53 - Constraint Detection

Figure 54 - Difference Max Constraint and Total Volume Corrections
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11.4 Displaying results on the user interface
Potential constraints are identified after each evaluation of the probabilistic forecast. For each primary
substation, the identification of the periods of constraints and the quantification of the potential risk
over those periods are computed. A summary across all substations in scope is provided in a
dashboard to quickly identify which substation have breached the alert threshold. Those are identified
by a red dot, as opposed to a green one when no alert has been triggered.

Figure 55 – Illustration of Dashboard of Constraint alerts

Users can then further dive in each substation to get more details about the periods of constraints,
when they are forecasted to occur, and the potential risk associated.

Figure 56 - Illustration of list of constraints on a specific substation
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12 Output for Whole System Coordinator (WSC)
As previously mentioned, the Load Forecasting Solution provides the WSC with forecasts of underlying
demand, generation, and net demand both in MW and MVA, for all the points of forecast in scope.
These are provided using UUIDs as described in section 4.2.1 to provide a mapping between forecast
points, and the specific nodal demand and generation elements in the PSA model that will receive this
value as an input to the load flow assessment.

13 Quality of the forecast and future work considerations
Demand models have been calibrated based on a load data from a fixed historical period (2016-2020).
This means that they reflect the consumption behaviour of assets (substations, feeders) at that
particular time.
As demonstrated, the demand models have very good performance for fitting against
(filtered) historical behaviour. However, should the asset have a different future consumption
behaviour later in 2021 or 2022 and beyond, than during that historical period, this will not be
captured. In its current state, the load forecasting solution cannot monitor the accuracy of the
forecasts provided in real-time, nor react to potential systemic changes of behaviours.
There is value in considering the integration of actual system demand and generation
measurements on an on-going basis to the forecasting platform. This would allow detailed tracking of
the accuracy of the forecasts in real-time, but also allow for potential correction / minimisation of the
error on a real-time basis within the modelling framework. This initiative will be considered for a
future version of the Load Forecasting solution.
On the generation side, as mentioned in section 8.2.6, conventional generators would benefit
from integrating market-driven variables e.g., electricity day-ahead prices, fuel prices, etc. This would
further increase the performance of the model, and the quality of the forecasts, though it is
anticipated that this could be a significant endeavour.
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14 About Sia Partners
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