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Overview for today:
A well-known gap exists between perceptions of how effective DR should be and the practical reality 

as observed in field trials and demonstrations. For a wider roll-out of DR, which unknown/varying 
participation and an uncertainty gap in assumptions: how can a system operator or aggregator 

effectively measure and forecast residential DR participation in a meaningful way, when planning or 
optimizing an economic dispatch?



Demand Response (Commercial)

Better use of renewables + less 

reliance on expensive peaking units



Demand Response (Residential)



Renewable Energy for self-sustAinable island CommuniTies

• H2020 funded project, Jan 2019 - Dec 2023 

• LC-SC3-ES-4-2018-2020 (Decarbonising energy 
systems of geographical Islands )

• 10 million budget, 23 partners from industry, energy 
authorities, universities and research institutes



Demand Response
- ‘Demand response (DR) provides an opportunity for consumers to 

play a significant role in the operation of the electric grid by reducing 
or shifting their electricity usage during peak periods in response to 
time-based tariffs or other forms of financial incentives’

- ‘The analysis presented identifies how expectations about building 
occupants and their behaviours are built into the DR scenarios (to be 
tested during the project demonstrations). Initial findings suggest 
that building occupants’ energy use practices and routines may 
be different from those expectations.’

- Recommendations in scenarios with active occupant responses 
include: prepare the engagement properly, use peer-to-peer 
approaches, training, coaching trajectories, engagement of 
occupants in identifying the ‘right’ message, format and timing to 
motivate their active participation, considering that occupants 
themselves are best able to tell what works for them and what 
does not.



Smart Energy 

Management
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Aggregated DR: How to model user response?
Minimize: 
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User Behaviour Models  Statistics



Adaptive framework for DR user response

User Behaviour Models  Statistics

Measure 
responses against 

assumptions & 
refine the design

The realised design 
logic must forecast 
responses within 

confidence intervals

‘The ‘design logic’ should 

contain an understanding of 

the ‘user logic’ and in doing 

so consider the values, 

preferences, intentions, and 

use practices of the 

expected users of a given 

technology in its specific 

context.’



User Behavioral Models
Discrete Markov Chains: probability of user (or load) moving between specific states of responding to 

specific events is stochastic:

Steady-state of Markov chain is a multinomial choice.

For appliance curtailment after DR event, load reduction can be modelled as Boolean indicator variable for 

each appliance/load:

Static models: Probability of curtailment during DR event =              p1 p2 p3 p4



Previous Work on Statistics



Binomial Proportion Estimation



Binomial Quantile Estimation
Similarly for quantiles:

Lower: Upper:

𝑄𝑈(𝑛, 𝑝, 𝑅) ≤ 𝑛𝑝 + 𝐶 𝑛𝑝(1 − 𝑝) +
𝐶2

3

𝐶 = Φ−1(𝑅)2

𝑄𝐿(𝑛, 𝑝, (1 − 𝑅)) ≤ 𝑛𝑝 − 𝐶 𝑛𝑝 1 − 𝑝 −
𝐶2

3
− 1

𝐶 = Φ−1(𝑅)2



Adaptive framework for DR user response

User Behaviour Models  Statistics
This leads to extremely 

simple algebraic 

expressions to track the 

confidence interval around 

an unknown proportion 

when information updates 

are revealed, and forecast a 

response (within an interval, 

e.g. 95% confidence)

** The response variables 

can be fixed as LP/MILP 

constraints for a fixed 

confidence **
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Proportion Tracking (Discrete Population)



Response Forecast (Discrete Population)



Next Steps…

• Revisit data from DR-BoB Demonstrations;

• Analyse data from REACT Demonstrations;

• Revisit work on aggregated DR (utility perspective);



Thank you for the invitation to speak!

Questions…


