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Global energy systems are rapidly transforming
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We need better data

Smart meter data is
increasingly crucial to rapid
and successfulenergy
transitions.

Energy modelling is still largely
based on static and highly
aggregated data from the past.

Access to demand data is
limited by privacy protections.
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Synthetic data use is rising in Tech, Finance and Healthcare

Microsoft's Al Lab projectincludes a
synthetic data generator to safeguard privacy

6.9 during the sharing and analysis of sensitive
datasets.

Synthetic data generation market size (USD Billion)

Amazon Science generates synthetic data to
overcome challenges with expensive and
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Synthetic
demand data
can provide
granular
visibility to
enhance
bottom -up
modelling
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Faraday uses GenAl to release smart meter data, securely
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Powered by Variational Autoencoder +
Gaussian Mixture Modelling

Conditional Variational Autoencoder

e The encoder maps realdata into latent space. Encoder  Latent Space  Decoder

Data: Consumption Data

e A Gaussian Mixture Model (GMM) is then s oo e
trained on the distribution of the latent space. :l 4>

e During inference, random samples are drawn
from the GMM and decoded with the (" aMMon LatentSpace )
decoder.

Gaussian Mixture Model

Modifications to VAE
Model is trained with 4 T4 GPUs on Vertex Al

MMD Loss instead of KL-Divergence Loss to handle

the non-normaldistribution of smart meter data. Totaltraining time for v4 is ~ 12 hours for both VAE
and GMM over 250 epochs on 1.8Bn smart meter

Loss terms also include quantile losses at 5th readings.

And 95th quantiles to improve representation at the

extremes, an interest for grid researchers.
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Protecting privacy, producing useful outputs

Evaluation frameworks matter for
producing useful outputs that still
protect privacy

Fidelity : how well the statistical distribution represents
the realdataset.

Utility : how useful synthetic data is when used in real-
world applications

Privacy : likelihood of private data leakage, testing
datasets by launching privacy attacks.
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Suitable for a
variety of
applications
from
consumers to
power system
operators
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Consumer Products and Services. Integration in consumer facing :
products can help people optimise their energy use, compare tariff O}
rates, and save money on bills.

Policy and Regulatory Design. Synthetic data improves distributional
analysis when designing energy policies, ensuring interventions target
those most affected.

Electricity System and Network Modelling. From strategic
forecasting, to addressing data gaps in real-time operations, synthetic
data enables a more resilient and cost-effective power system.

Financial Products and Services. Alternative data sources can
enhance the development of sustainable lending products and
services and support regulatory compliance for emissions reporting,
or assessing risk and portfolio resilience.

Housing Development Planning. Electricity grid connection requests
can be made more accurately, reflecting how energy will be
consumed in the homes of the future.



Building a Digital Twin for Birmingham

Researchers at the University of Birmingham used Comparing Faraday outputs to four substations
Faraday to test hyper-localdemand modelling for in Birmingham, researchers found that the
network monitoring of low voltage substations. timing and magnitude of peaks aligned well.

Grayson
Thermal

LV Feeder Demand (kVA)

12 Dec 13 Dec 14 Dec 15 Dec 16 Dec 17 Dec 18 Dec 19 Dac
Time (December 2022)

Theary from Faraday Measured from MGED

"“’M 9||mmossc-)ﬁ

LV Feeder Demand (kKWA)

Cen’[l’e fOI’ 12 Dec 13 Dec 14 Dec 15 Dec 16 Dec 17 Dec 18 Dec 19 Dac
‘ | Net Zero Time (December 2022)



Managing grid congestion in the Netherlands

Liander, a Distribution System Operator in the
Netherlands, has a distribution network of more
than 10 million nodes.

Only 2,000 nodes are equipped with grid Sé:% !’;‘ &
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Modelling the impact of clean tech on bills

Households could save £1,000 by switching away from gas boilers
to clean electric tech

Annual energy bill for a typical household, April 2026
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Nesta used Faraday energy consumption data,
combined with price cap and tariff data, to
modelhow clean tech affects bills.

Heat pump, solar and home batteries homes
have the lowest average annual bill,

£1,000/year cheaper than households with gas
boilers.

Analysis was featured in the Guardian and
Carbon Brief, coinciding with the publication of

the UK government’s flagship Warm Homes
Plan.
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Shared openly @ OpenSynth

Open source community for synthetic energy data
Supported by
The Linux Foundation

Empowering data holders and
community members to generate
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Al-generated and Al
ready grid data

Community
For quality assurance, especially to
ensure privacy is protected.

Model repository
To host open-source algorithms for
generating synthetic data.

Data repository
To host synthetic datasets
contributed by data owners.



Let’s work together to develop the ecosystem

ElectricVehicle = NoLCT

Implement Applications

Summary and full policy paper: Synthetic Data for Smart
Energy: Applications for Al-Generated Smart Meter Data
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Develop and Deploy Models

Includes the Generative Al models Faraday (CNZ) and
EnergyDiff (TU Delft), and RTE7000

(A\' Opensynth-Energy s

A& MLinterests < Opensynth 's actvity
SyntheicSmart Meter Data @ o ——

& Team members @ Weleissspdatedadases

Q e Opensynth/Tubelt-Electricity-Consumption-1.0

@ shengysoupdatedadaaset

\ Opensynth/cnz- araday-4.0 /

Use the Data

Includes real, cleaned data from the UK, Australia,
Germany and Netherlands, and synthetic data for the UK



Thank you

Contact details

info@centrefornetzero.org
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