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It's the economy, stupid

people
technology

Energy services, flexibility and data

Part II



Recap
Energy service

Useful vs. used energy

Causes of energy use

Key activities driving demand

Part I
• System flexibility
• Energy needs and uses
• Feedback systems
• Causality

Part II
• Demand side flexibility
• Price elasticity
• Data and privacy
• Synthetic data



To understand causes we need (up to) three things

Causal model

Observation

Do something



Heat - the elephant in the room



Model vs Reality: EPCs are poor preditors of demand
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https://doi.org/10.1016/j.enbuild.2023.113024



No data: I think… heat pumps don't work on cold days

P(Heat pump COP | Temperature)



19.7°C

19.3°C

5
4

%

Some data: heat pumps work on cold days
                       and even better in efficient homes

Sofia Perelli-Rocco
Energy Systems MSc (2022/23)



Big data: What improves heat pump performance?

P(HPP | Confounders)

P(HPP | do not (X))

P(HP | Confounders)

X



Observation is not enough - make a change

Understanding
Demand

No data Little data Big data

What do I think
people do

What do peope think
they do

What does data say
people do

Changing
Demand

What I think
people would do, if…

What peope think
they would do, if…

What data says
people did do, when…



No data: I think… demand falls when prices rise

P(Demand | Price)

P(Demand | do (Price))£
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Little data: demand falls when prices rise

Price

Demand

P(Demand | do Price)



R2=0.00206

Medium data: negative price elasiticity?

Jan 2022

Jan 2023
vs.



£41-62k

£21-41k 
R2=0.08

R2=0.02

R2=0.0004

R2=0.03

(20%)

(21%)

(32%)

(21%)
<£21k 

Gross annual
household

income

(Share of 
sample)

Big data: … it depends
Price elasticity is weak and depends on circumstances



Disposable income

Causal model: What causes energy demand to change?

£
Energy needs

Appliance use

Weather Social norms

Occupancy

Energy price Energy use



No data: I think… people will never give up dinner for DSR

P(E | Life)

P(E | Life + do (Ask))

Please,
1)	Keep	a	diary
2)	Reduce	demand	
						5pm	to	7pm
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Little Data: Control and intervention:
Responses are significant, repeatable and effective
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Big data: Who/what delivers demand side responses?

P(DSR | Confounders)

P(DSR | do not (X))

P(Measure | Confounders)
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Energy Demand Observatory and Laboratoryf
and Forensics

Non-intrusive, low-cost, 
validated, scalable

Observatory

CAD

Mobiles

IoT Appliances 
& Sensors

WLAN

Smart Meters

n≥2000

Experimental, innovative, 
controlled, problem led

n≈200

Sensor 
trials

Heat

Laboratories

Engagement

Responsive
[...]

Forensics
In-depth, qualitative, 
targeted, data led

High users

Flexible users

Early adopters

[...] Responsive

n<20

Instruments Insights
✓
✓

Surveys

• Large scale
• Longitudinal
• Un-intrusive and low cost
• (a�er being) intrusive and expensive



Key development steps

1) Identify and validate technology options

2) Minimise the need for hardware and intrusion

3) Use accessible sources of data

Infer

Measure

Detect

Avoid 
intrusion

✓
✓

Observatory
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Data
Communication

Company
Supplier

§

Service
provider

§

§

Data access



123456.7523456.7

Data access



   Keep powered

   .uk/47203

     for details

GSM SIM
Continuous upload
24 hour data buffer

HAN
Smart meter access
Preconfigured 

Mains powered
Measure mains voltage

On-board sensing
Temperature
Light level (hue)
CO2, H2O, noise

Smart plug
Optional appliance meter

Mobile signal 
counter
(for occupancy)

User access
Via email with
postcode validation

Access point for 
extra instruments .uk

EDOL Dream Data Instrument (EDDI)



1) You tell us   
     training 
2) Verify suggestions      
     reinforcement learning
3) Feedback

PhasesLearning (two ways)

- Timely
- Accurate 
- Actionable
Personal Messages

123456.7523456.7



Privacy



Is this what informed consent looks like?



It is unclear what is sensitive and why

Energy use?

Occupancy?

Privacy?

Practices?

Identity?

110100
000110
110100
000001

EPCs are public

Lights and windows
are visible to all

Spying spouses

Profiles reveal faith

How unique is the data



How much smart meter data does it take 
to uniquely identify you?

On average less than 
    5 readings with

  50W precision

Number of half hour periods
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Linking can turn harmless data into revealing data

Data
collector 2

Anonymised
- smart meter data
- no personal info

110100
000110
110100
000001

Anonymised
- health records
- 1 day of smart meter data 

Data
collector 1

110100
000110
110100
000001

Smart
Insurance



We need to de-identify data 
while maintaining data integrity

1) Aggregate

2) Cluster

3) Synthesise

Rule of '10' (or 3?) - arbitrary, defusing and unreliable

Maintains some relevant features (e.g. heat pump cluster)

Allows to generate even hypothetical profiles

Approaches



Aggregation
an easy way to reduce

- identifiability

- utility



A werewolf wishes for their identity to be protected. Would aggregation help? 



Can synthetic data provide a better balance between consumer 

privacy and data utility than [aggregation]

John Corsten
Energy Systems MSc (2023/24)



What are the chances that a random profile can be 

correctly identified as member of the training data?

Random forest

membership

inference

attack



OpenSynth-energy/OpenSynth

Real data Synth data



Training data

Log-normal transform.

Conditional VAE training

Latent space

GMM

Sample, label, filter

Decode latent vectors

Compute losses

Synthetic profiles

Real SyntheticAggregated
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Power explorer: 

energy-use.org/data



"Understanding human behaviour isn't rocket science

Edward Tu�e

– it's harder"



Thank you

.uk

philipp.grunewald@eng.ox.ac.uk


