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ABSTRACT

Real-time electricity pricing has the potential to provide incentives
for retail consumers to offer flexibility services by altering their
consumption patterns. However, such incentive schemes have met
with limited success in the real world due to problems such as low
consumer interest and the creation of rebound peaks after periods
of high pricing. In this paper, a model of an individual consumer’s
response to real-time prices, which captures these effects, is pre-
sented. A contract between a retail service provider and a consumer
is proposed, and a method for personalized real-time price gener-
ation based on smart meter data, using reinforcement learning,
is implemented. Initial results suggest that the approach can be
used to achieve grid-level objectives while rewarding consumer
flexibility.
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1 INTRODUCTION

One of the major issues faced by modern power system operators is
the need to cater to short-term peaks in consumer energy demand.
Traditionally, these are met by the activation of peaking power
plants such as diesel generators and gas plants, which can be oper-
ated on demand. However, such solutions are capital intensive and
cause significant emissions, and are only operated for brief periods
during the day. In recent years, with the increasing penetration of
clean energy sources such as solar and wind power, there has also
been growing interest in the use of Energy Storage Systems (ESS)
to address the issue. These are promising alternatives, but are hin-
dered by the high costs for large-scale ESSs and the intermittency
in renewable generation. [12]

In this context, there is significant interest in the use of dynamic
electricity pricing as an incentive for consumers to shift their con-
sumption from periods of high demand to those of low demand.
Theoretically, such approaches are considered more market effi-
cient, with the promise of financial benefits both for consumers as
well as for the utility company [2]. Various tariff structures, such
as time-of-use (TOU), peak-load pricing and day-ahead dynamic
pricing, have been implemented across the world to mixed success,
often due to low consumer awareness and the formation of rebound
peaks [4].

This paper considers the most extreme form of dynamic electric-
ity pricing, real-time pricing (RTP), from the perspective of a utility
provider. In this scheme, each consumer is offered a new price for
each time slot in a day based on real-time demand. Compared to
existing works[5, 6, 11], the key novelties here are:

e A price-response model of a consumer that captures real-
world aggregated effects such as rebound peaks.
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Figure 1: System Model

o A contract between the service provider and the consumer
that does not rely on behind-the-meter information.

o A scalable method for price generation based on offline rein-
forcement learning.

2 SYSTEM MODEL

The system consists of a grid operator (GO), a service provider (SP)
and a set of consumers (C) as shown in Fig 1. Each day, there are
T time slots for which the SP provides a real-time price 7;; (¢t €
{1, ..., T}) to the consumer C; based on the information available at
time t — 1. At each step, the GO sends the SP the spot wholesale
electricity price 7;". At the end of the time slot, the consumer’s
consumption P;; is measured using smart meter readings. It is
notable that the SP does not have access to any behind-the-meter
measurements or scheduled demand from each consumer, thus
protecting consumer privacy.

Section 2.1 discusses the interaction between the SP and a single
consumer - as such, the index i is dropped for clarity.

2.1 Consumer Model

The consumer model is based on the concept of price elasticity [2],
which measures the change in electricity consumption due to a
change in the price. It is similar to the models presented in [5], [6]
and [11], with the important change that the price at the current
time, 74, can also directly affect the future demand.

At the start of the day, the consumer C has a baseline demand
for each time slot, D = {dy, d1, ..., dT} which represents their con-
sumption at some static price 7t € R*. The deviation from D due
to m; is determined by a price-dependent function () € (0,1),
where higher values indicate a consumer that is more responsive
to price changes.

During high-price periods (7; > 7b), the consumer reduces their
consumption and incurs an immediate backlog b; given by Eq 1,
where I » is the indicator function:
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b =Ly o () X &(m) X dy 1)

The cumulative backlog B; is tracked as in Eq 2, where By =

0. The condition Br,; = 0 is enforced, so that the total energy

consumption over the day is conserved regardless of the price
sequence.

By =bi-1+Bi—1 @)

Similarly, when 7; < 7P, the consumer advances their planned

consumption to take advantage of the lower prices, as modelled

by Egs 3 - 6. In this formulation, the consumer prefers to shift the

load from future periods where they are planning to consume more
energy to this time slot.

dt+k
Wik = ax(Drarr) ®
ar g =Ly () X wo () @7 ) X dy g @)
T-t
At = Z at k (5)
k=1
diyre — Ay — at,ka €e{1,2,...T—-1t} (6)

Here, w;  is a weight assigned by the consumer to the demand
dyik» ay k. is the actual shifted part of dy,x, and A; is the total load
shifted from future time steps to this step.

The final power consumption at time ¢ is then given by Eq 7.

P[zdt+(ltBt—bt + Ay (7)
Here, a; € (0, 1) is a consumer-independent parameter which
represents the fraction of the cumulative backlog that will be con-
sumed in this time step. Its value linearly increases from 0.25 to 1.0
from 5 AM to 10 PM, and is constant outside these periods at the
corresponding value.
The cumulative backlog By41, initially calculated using Eq 2, is
then updated as shown in Eq 8.

Bty1 < Br1 — arBy ®)
Fig 2 shows the final consumption calculated by the model, under

a typical time-of-use (TOU) pricing scheme, for the same D for
different ¢. Here, () linearly maps 7 from 0 to ¢™%*.

2.2 SP Objectives and Contract

In this work, the objective of the SP is to maximize its profits
while reducing the peak-to-average ratio (PAR) of the aggregated
consumption curve of the consumers. The aggregated consumption
for a cluster of N consumers is denoted as G; = Zﬁil P;+. Then,
the PAR of the power profile G = {G1, Gy, ..., Gt} is described in Eq
9. The SP achieves its objective by supplying each consumer with a
new price 7 ; at every time slot in a sequential manner.
PAR(G) = %(G) )
The proposed contract imposes constraints on the prices offered
by the SP as shown in Eqs 10 and 11. By linking the prices to a
baseline price, nb, the consumer is guaranteed to receive periods
of higher and lower prices through the day.
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Figure 2: Consumer Model Operation

|(+ 2T 7i0) = 70
I 2=l b” <3% (10)

T

Imi; — nP| <= 6m,Vt € [1,T).Vi € [LLN],6r € RY  (11)

Under the contract, the i-th consumer’s electricity bill, cl? (in €),

is given by Eq 12. This formulation is typical in dynamic pricing

contracts, and implicitly rewards those consumers who alter their
consumption to align to the pricing strategy.

T
Cf = Z 7Py At (12)
=1

The GO sells electricity to the SP at the wholesale price 7., with
an additional surcharge, ¢ (G;)?, if G; > GPeak Here, GPek ig 3
threshold power (in kW) agreed upon by the SP and the GO, and
¢S¥T is a scaling factor (in €/kW?). Thus, the profit achieved by
the SP for trading with this consumer cluster, cfp , is calculated as
shown in Eq 13.

N
&f = [ mitPit) =1 Gel At= (I Gpear (Gr)Xe™ (Gr=GPek)?)
i=1

(13)

The SP has historical data of P; ;- and IT; ;- for each consumer,

using which it is able to extract the historical demand D; ;-. This

work also assumes that the SP knows the consumer’s response

function ¢; () perfectly - however, it does not know the consumer’s
intended consumption (D;) over the next day.

3 METHODS

3.1 Reinforcement Learning

Reinforcement Learning (RL) is a branch of machine learning fo-
cused on training agents, through interaction, to make sequential
decisions in an environment to maximize cumulative rewards [9].
The goal of the agent is to find the optimal mapping (policy) from a
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given state (s;) to an action (a;). In this work, the implementation
of the Proximal-Policy Optimization (PPO) RL algorithm available
in the Stable-Baselines3 [8] python library was used, along with a
custom Gymnasium [10] environment for training and testing. The
default hyperparameters were used for all runs, with one exception
- the discount factor, y, was set to 0.958 to reflect the time horizon
T =24,

AnRL approach is chosen in this context for its model-free nature
and its ability to generalize, given sufficient training resources [8].
Compared to model-based approaches such as Model Predictive
Control (MPC), it also eliminates the need to have a forecast of
the demand. The PPO algorithm is used to train a neural network
which accepts the local state of a given consumer s; ; and outputs a
price 7; ¢. This is done in an offline simulation with artificial data -
as such, the network is never trained by direct interaction with the
consumers.

3.2 Generation of Demand Profiles

An approach based on Kernel Density Estimation (KDE) is used
[1] to generate new power profiles based on the historical demand
data, D; ;- . First, a set of KDEs {K;} are fit to the data {D; ;} - ie, a
separate kernel is created for each time slot 7. Then, by sampling
iteratively from the kernels as described in Eq 14, new sequences
D= {(21, aiz, e oiT}, which mimic the consumption patterns em-
bdedded in D; -, are generated.

dy = M + (1= A)dy—1 (14)

Here, k; ~ Ky and A € (0,1) is a mixing parameter to capture
the temporal correlation of electrical demand. In this study, A = 0.4.

3.3 Offline RL Training Environment

The SP creates an offline training environment for the RL agent
using artificial data generated as described in Section 3.2, and the
consumer model described in Section 2.1. Under the terms of the
contract described in Section 2.2, the SP’s pricing strategy should
closely follow the consumer’s expected consumption patterns. As
such, it first groups together consumers who have similar consump-
tion patterns and price-response behaviours. For each group, a
dedicated training environment is created to train a corresponding
RL agent. The process is outlined in Fig 3.

3.4 Price Generation

To solve the sequential price generation problem described in Sec-
tion 2.2, an offline RL approach is proposed here. The state of each
consumer C; at time ¢ is denoted by s;; = {t, Tit:t—1, Pit—1:0-2,
P 1:4—1, max(P;1:¢-1), b 2 giving s; € R”. The action taken by
the RL agent, a;; = 7, and a;; € [ﬂb — 8,7t + o). A training
environment is created to generate artificial values for s;; as de-
scribed in Section 3.3, and an RL agent is trained here in an offline
manner using the PPO algorithm. The reward function, used to
calculate the agent’s reward r; s, is described in Eqs 15 - 16 3.

The approximation T ~ ﬁ is used here
The notation X represents the mean value of a vector X

3T is a large positive number
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Step 3 : Online Deployment of RL
| Agents

Group 1 D | S4t S1t
bt € 5 Traini PPO Cc,——> PPO |«——¢,
c,| [Cy » Training Env 1 «<—> g | (W Agent 1 7
Dj;-,¢€ f PPO | AN P
2t ..
,L Training Env 2| <—>» Agent 2 | | Agent 2 |
Figure 3: RL Training and Deployment Methodology
Pricing PAR SP Profit ¢ (€) | Mean c® (€)
vig = (i — 1) Pis (15) Static (%) 1.46 775.05 10.75
TOU 1.46 798.15 10.73
' I ift=T and Eq 10 is violated RL RTP 1.29 £ 0.05 | 828.74 + 8.33 | 10.72 + 0.07
e =, =7 anduq WWis viotate Table 1: Results
rit =40;: +I, ift = T and PAR(P) < PAR(D) (16)
Vit otherwise
Here, the agent aims to maximize the expected income obtained
from each consumer (v;, ;) while following the constraints embedded 0.30
in the contract. This formulation is suitable for this problem since _ fiy.7 = 0.246
dedicated agents are required for consumers with different con- < 0.28 1 i :T = 0252
sumption patterns. As such, each agent tends to offer higher prices E o '
at times of higher expected consumption for its cluster, which im- £ e = " - — —.ﬂ—-i
u : ' i s ‘:E J e s f
plicitly encourages consumers to shift their consumption to lower ]
price periods. ‘ o & 0.23 + emax — 0.4 emax — 0 15
As more data becomes available, the steps in Fig 3 are repeated
periodically with new agents and groups. It must be noted that the 0.20 ~— ' ' ' ' '
reward r; ; does not have any significance in the deployment phase 300
(ie, Step 3 in Fig 3). The fact that Eq 16 is calculated using PAR(D)
also implies that it cannot be calculated outside a simulation. —
2 5004
~ 200
4 RESULTS AND DISCUSSION -
To test the performance of the approach, a cluster of N = 100 ©
consumers with similar consumption patterns was chosen. Each 100 -
consumer was assigned a linear price response function ¢(r), with T T T T T T
a maximum value ¢™% of either 0.15 or 0.4 with equal probability. P&‘\ P&‘\ P&‘\ QV‘\ Q\‘\ Q\‘\
The SP is required to generate hourly prices, ie, T = 24. Two PPO o> \E > o> o> N
agents were trained over a period of 5000 simulated days using .
--- Baselne —— TOU —— RL

artificially generated data, with one agent for each £™%*. The other
parameters were set as 7P = 0.25 €/kWh, 67 = 0.05 €/kWh, ¢s¥" =
0.02 €/kW? and GP¢? = 230 kW. The consumer consumption
profiles are based on [7], and the wholesale spot electricity prices
are obtained from [3]. The train and test data for the study were
generated as described in Section 3.2, using consumption data for
July and August 2018 respectively.

The key metrics are reported in Table 1 - for RL, the numbers
are averaged over 10 runs with different random seeds. Fig 4 shows
the aggregated power profile for the cluster under different pricing
schemes.

4.1 SP Profits and Consumer Bills

Under the proposed scheme, the results suggest that the SP profits
would increase by around 7%, while the consumer’s electricity bill
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Figure 4: Prices and Aggregated Grid Profiles

would remain unchanged compared to the static pricing case. Such
an outcome is disadvantageous for the consumer - as such, it is
important to offer additional financial incentives, such as a profit-
sharing mechanism, to compensate the consumer for the flexibility
provided.

In this study, the average consumer bill would reduce by 0.7%
for every 1% of SP profit shared equally across the cluster. As such,
the SP would be able to achieve a 5% reduction in the average bill
while maintaining the same profit as in the static case.
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4.2 Reduction in PAR

It is evident from Table 1 and Fig 4 that the proposed pricing strategy
can achieve a reduction in the PAR of G. By supplying gradual and
personalized price variations across the day, the agent provides a
real grid benefit without causing significant rebound peaks, which
is a major improvement compared to TOU pricing.

On the test day, the RL pricing strategy achieved a PAR reduc-
tion of 11.64% compared to the other strategies. This is a notable
reduction especially considering the fact that the SP does not have
direct control over any flexibility resources in the cluster.

5 CONCLUSION AND FUTURE WORK

A mathematical model of a consumer’s response to real-time pricing
is presented, and a novel contract between a service provider (such
as a utility company) and the consumer is proposed. An offline
reinforcement learning approach is used to develop agents that
generate real-time personalized prices under the conditions in the
contract. The resulting prices are able to simultaneously increase
the profit of the SP, reduce the bills of the consumer and reduce the
PAR of the aggregated load when compared to traditional pricing
strategies.

A limitation of the consumer model here is that it only captures
load shifting effects, and cannot model flexibility offered by curtail-
ment or sobriety. This work also makes two strong assumptions
about the data available to the SP - first, that it is possible to ex-
tract the historical demand D; ;- from consumption and pricing
data, and second, that it has perfect knowledge of the consumer’s
price response function ¢; (). Future work should focus on the case
where this is not true, to provide a more realistic evaluation of the
method.
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