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Abstract—In this paper, we propose a realistic multiple dy-
namic pricing approach to demand response in the retail market.
First, an adaptive clustering-based customer segmentation frame-
work is proposed to categorize customers into different groups
to enable the effective identification of usage patterns. Second,
customized demand models with important market constraints
which capture the price-demand relationship explicitly, are devel-
oped for each group of customers to improve the model accuracy
and enable meaningful pricing. Third, the multiple pricing based
demand response is formulated as a profit maximization problem
subject to realistic market constraints. The overall aim of the
proposed scalable and practical method aims to achieve ‘right’
prices for ‘right’ customers so as to benefit various stakeholders
in the system such as grid operators, customers and retailers. The
proposed multiple pricing framework is evaluated via simulations
based on real-world datasets.

Index Terms—Multiple dynamic pricing, demand response,
adaptive customer segmentation, clustering, smart grids.

I. INTRODUCTION

Dynamic pricing based demand response has attracted enor-
mous attentions from both academia and industry in recent
years. In particular, game-theoretic and machine learning
based approaches (e.g., [1], [2], [3], [4]), which model the in-
teractions between the energy retailer and customers, and study
customers’ energy consumption behaviours under dynamic
pricing are emerging. However, most existing studies consider
uniform dynamic pricing where customers are offered same
prices. Since customers have different consumption patterns
and behaviours, uniform pricing might not be effective in
capturing such differences among customers. For instance, a
price which is a right incentive for price-sensitive customers
might not be sensible for price-insensitive customers.

An intuitive alternative is individual pricing where each
customer receives a different price signal. For instance, [5]
adopted an individualized price policies in residential demand
management where each customer receives a separate elec-
tricity pricing scheme in order to optimally manage flexible
demands. However, individual pricing could result into a too
complicated pricing optimization problem and suffer from
scalability issues in practical applications. Moreover, it has
to deal with individual highly random demand models, which
is less meaningful for the customer relationship management.
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Multiple pricing, which relates to price discrimination and
non-linear pricing [6], is another pricing mechanism but so
far has attracted only a very limited attentions in energy
demand management [7] [8]. However, multiple pricing is
a fundamentally different and much more effective pricing
mechanism in comparison with the uniformed pricing. The
reason is that a unformed price is, on the one hand, too
high for some customers whose willingness to pay is lower
than the price and leading to loss of this group of customers;
on the other hand, too low for some other customers whose
willingness to pay is higher that the price and leading to
loss of potential profits from this group of customers. The
multiple pricing can successfully overcome such limitations,
by offering the right prices to the right customers, and enable
retailers to reach all possible customers and realize all profit
potential. Therefore introducing and investigating multiple
pricing mechanism in energy demand management is not just
a simple extension from uniformed pricing to multiple pricing,
but a significantly important research topic to enable energy
retailers to better serve their customers and archive their full
profit potential. Along this direction, the existing few studies
on multiple-pricing for demand response and smart grids can
be grouped into three directions.

For the first research direction, it presumes customer seg-
ments are given as a prior either represented by typical pre-
known customer profiles or assuming customer segmenta-
tion has already been implemented beforehand. Therefore,
the research mainly focuses on the multiple pricing design
and optimization. For instance, [9] proposed a framework
of customizing electricity retail prices based on pre-known
customer segments where both the price values and structure
were optimized. [10] developed a bilevel optimization based
multiple pricing approach to demand response where customer
segmentation was assumed to have been done beforehand.

An important step to achieve efficient multiple pricing is
customer segmentation [11] where multiple or customized
pricing can be designed to target different types of customers.
Therefore, the second research direction attempts to identify
customer segments directly from historical data based on
clustering analysis, which can be used for multiple pricing
design and optimization. For instance, [12] proposed a finite
mixture model based clustering approach to cluster residential
customers based on smart meter data. To consider the price
responsiveness of customers in the clustering process, [13]
proposed an approach to identify the price elasticity of each
individual customer from historical consumption/ tariff and
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survey data. The identified price elasticities are adopted as
attributes for the clustering-based customer segmentation to
identify customer groups with distinct behaviours.

The third research direction integrates the customer seg-
mentation and multiple pricing within the same framework.
For instance, [14] proposed a clustering-based approach to the
customer segmentation for developing multiple pricing policy.
[15] proposed a electricity customer group classification ap-
proach based on K-means for customized price scheme design.
[16] proposed a customized time-of-use pricing approach with
Fuzzy C-Means for the customer segmentation where multi-
objective particle swarm optimization was adopted for the
pricing optimization. [17] proposed a model of customizing
electricity retail prices based on load profile clustering analysis
where a density-based spatial clustering of applications with
noise is first adopted to identify typical customer profiles
directly from the customer consumption data, and then a
customized ToU pricing optimization is implemented.

Although the above studies have provided valuable insights
on how to design multiple pricing based on customer profiles
or clustering analysis, there are still important research gaps
to be filled and questions to be answered. Firstly, existing
clustering-based customer segmentation approaches either di-
rectly work on individual price elasticities (computational
expensive and difficult to derive and exhibit high randomness)
or electricity consumption data (fail to consider customers’
price responsiveness thus less capable of getting desired cus-
tomer segments). Instead, our proposed approach enables the
practical and efficient use of energy consumption data and
dynamic prices data simultaneously unlocked by the developed
adaptive clustering-based customer segmentation. Secondly,
different from existing studies which either assume pre-defined
models for customers to reflect the price-demand relationship
or model such a relationship implicitly using e.g. simulations,
the proposed customized demand modelling approach models
the price-demand relationship explicitly in a data-driven man-
ner, which provides fundamentals for the thereafter multiple
pricing optimization. In addition, key market constraints are
included, which will ensure the demand model follows the
market behaviour and enable meaningful and realistic mul-
tiple pricing decisions. Most importantly, the price-demand
modelling is designed for each group of customers rather
than for each individual customer, which carries two-fold
benefits: 1) avoiding the high randomness in modelling each
individual customer so as to improve the model accuracy; 2)
ensuring the practicality of modelling in real-world application
where there are usually hundreds of thousands customers being
served by the same energy retailer. Thirdly, existing studies
on multi-pricing optimization often assume pre-known math-
ematical models (e.g. formulated as optimization problems)
for customer consumption behaviours whereas a systematic
and integrated multiple pricing optimization framework con-
necting both the customer segmentation and the data-driven
customized demand modelling is still missing. To this end,
in this paper we propose an integrated machine learning and
optimization based multi-pricing framework with seamlessly
connected key model components. The main contributions of
the paper are summarized as follows.

• Developed an integrated machine learning and opti-
mization based multiple pricing framework, which connects
adaptive clustering-based customer segmentation, customized
demand modelling and multiple pricing optimization. It should
be noted that the proposed data-driven customized demand
modelling approach has high interpretability and can be di-
rectly embedded in the profit maximization problem of the
retailer without affecting its mathematical characteristics as
opposed to other grey/black box based models. The proposed
framework also enables effective and scalable practical appli-
cations by transferring the pricing optimization problem of the
retailer with up to multiple millions of customers to a problem
with a few or dozen of customer segments.
• Developed a fully data-driven and adaptive approach

for clustering-based customer segmentation with customized
demand modelling. The considered adaptive customer segmen-
tation enables the efficient use of energy consumption data
and dynamic prices data simultaneously to achieve desirable
customer segments for the pricing purpose whilst the proposed
customized demand modelling approach models the price-
demand relationship explicitly in a data-driven manner with
important and realistic market constraints included to enable
meaningful and effective pricing decisions.
• The profit maximization problem is formulated as a mul-

tiple pricing optimization problem such that right prices are
offered to right customers. The effectiveness of the proposed
framework is further evaluated using real-world datasets.

The remainder of this paper is organized as follows. The
system framework is described in Section II. The proposed
data-driven and adaptive customer segmentation and cus-
tomized demand modelling approaches are detailed in Section
III. The multiple pricing optimization model is given in
Section IV. Section V presents the results and the paper is
concluded in Section VI.

II. SYSTEM FRAMEWORK

As aforementioned, the proposed multiple pricing strategy
can not only offer right prices to right customers but also has
the great capability to help retailers realize the profit potential
in the market due to its non-linear pricing characteristics. By
leveraging the intrinsic incentives of retailers for innovative ap-
plications such as the proposed novel pricing strategy and de-
mand response, it will in general benefit different stakeholders
in the system such as customers, retailers and grid operators.
Motivated by the above analysis and to further demonstrate
the proposed pricing strategy, in this paper we propose a mul-
tiple pricing framework for the demand response management
based on customer segmentation, which is illustrated in Figure
1. It consists of the following key components: 1) adaptive
clustering-based customer segmentation; 2) customized price-
demand modelling for each customer segment; and 3) the
multiple pricing optimization.

Suppose that the energy retailer purchases electricity from
the wholesale market, reprices and sells it in the retail market
to satisfy its business goals (e.g., short-term goals such as
profit maximization or long term goals such as market share)
under certain constraints/ factors (e.g. competitors’ prices). To
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enable the multiple pricing framework in such a context, the
energy retailer firstly implements customer segmentation based
on historical electricity consumption and price data. Secondly,
based on the clustering analysis, a customized data-driven
price-demand modelling approach which captures the cross-
relationship between demand and prices over different time
periods is developed for each cluster of customers. Thirdly,
the customized price-demand models identified in the previous
step are embedded into the multiple pricing optimization
model to maximize the profit for the retailer subject to relevant
market constraints. Finally, the optimal multiple prices are
obtained to offer ‘right’ prices to ‘right’ customers.

Fig. 1: The proposed multiple pricing framework.

III. ADAPTIVE CUSTOMER SEGMENTATION WITH
CUSTOMIZED DEMAND MODELLING

In this section, we propose a dynamic and adaptive frame-
work for customer segmentation with customized demand
modelling. First, an adaptive clustering-based customer seg-
mentation is developed to enable the efficient use of electric-
ity consumption and dynamic price data. Due to behaviour
changes of customers, the customer segmentation needs to be
dynamically updated e.g. monthly or seasonally. Following
each customer segmentation, demand models for each cus-
tomer group need more frequent updates (e.g. daily) with
the new arrival of historical demand and price data. The
updated demand models are then embedded into the pricing
optimization to find optimal multiple prices (e.g. daily). In the
following, the overall framework is firstly presented, followed
by clustering details and the customized demand modelling.

A. Overall Framework

The overall framework and timescale of the proposed dy-
namic and adaptive customer segmentation with customized
demand modelling is illustrated in Figure 2 where the customer
segmentation is updated monthly and the customized demand
model and pricing optimization are updated daily.

The proposed adaptive clustering-based customer segmen-
tation is illustrated in Figure 3, which consists of initial
stage, sub-clustering stage and cluster merging stage. As
aforementioned, the proposed adaptive customer segmentation
approach improves existing studies and enables the practical
and efficient use of electricity consumption data and dynamic
prices data simultaneously in clustering.

Fig. 2: Dynamic and adaptive customer segmentation.

1) Initial Stage: At the start of Period 1, based on the cus-
tomer groups predefined or resulting from previous customer
segmentation, different sets of tariffs are offered to different
groups of customers during period 1 (e.g. one month). For
each customer group, they share the same set of tariffs.

2) Sub-clustering Stage: At the end of Period 1, based on
newly obtained historical data (i.e. individual demand data
under same set of dynamic prices) during Period 1, a sub-
clustering is implemented for each group to get subgroups.

3) Cluster Merging Stage: Finally, a cluster merging stage
is implemented to combine customer subgroups to the de-
sired number of customer groups. This can be achieved by
simply grouping together closest subgroup/ sub-cluster cen-
troids. Alternatively, given that sub-clusters are aggregated
electricity consumption data and the number of sub-clusters
are usually small, customized demand models can be built for
each sub-cluster based on the method proposed in subsection
III-C to better capture the price-demand relationship for each
subgroup. Then demand models with similar behaviours can
be grouped together (e.g. through clustering coefficients of
demand models ) to achieve the cluster merging. The newly
updated customer groups are then used in Period 2 for re-
building demand models and pricing optimization. The same
customer segmentation process repeats at the end of Period 2
when the new historical data during Period 2 become available.

The benefits of such adaptive clustering based customer
segmentation are multifold: 1) compared with clustering all
customers directly, it can overcome the difficulty of using
demand data under different sets of dynamic prices (for
different customer groups) in clustering and also avoid the
random, error-prone and computational extensive process of
obtaining individual-level/ household-level price elasticities or
demand models; 2) the number of clusters in the sub-clustering
stage and cluster merging stage can be easily adjusted based on
practical application requirements to achieve a good balance
of computational efficiency and accuracy.

B. Clustering Details

For each time slot h ∈ H = {1, 2, ...H} on past day d ∈
D = {1, 2, ...D}, the historical price and consumption data
of each customer n ∈ N = {1, 2, ...N} are assumed to be
available and denoted as ph(d) and yhn(d) respectively where
H represents the pricing optimization horizon (e.g, H =24
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Fig. 3: The proposed adaptive clustering-based customer segmentation.

indicates the pricing for each hour of the day), D represents the
total number of days in the historic data, and N represents the
total number of considered customers. Although the clustering
details described in this subsection correspond directly to the
sub-clustering stage in subsection III-A, they are also readily
available for the cluster merging stage subject to minimum
adaptations (e.g. using subgroup demand model coefficients
as clustering attributes).

1) Attributes selection: The clustering-based customer seg-
mentation utilizes the energy consumption data of individual
customer as input attributes of clustering algorithms. As afore-
mentioned, some existing studies utilize individual customers’
price elasticities as input attributes. However, such information
is either very difficult to obtain or possess high randomness
in the process of obtaining caused by high variations of
usage patterns of each individual customer due to different
life styles and behaviour uncertainties. In additional, the pro-
cess is computationally extensive considering the number of
individual customers in practice. As a result, in this paper
we utilize the electricity consumption data under dynamic
pricing directly in the sub-clustering stage of the proposed
adaptive clustering-based customer segmentation framework,
which will avoid the randomness and additional uncertainty/
inaccuracy in the process of obtaining such price elasticity
information of individual customers.

2) Normalization: Due to that the segmentation aims to
provide decision support for the thereafter customized demand
modelling and multiple pricing optimization, our clustering
aims to group together customers that respond similarly to
the price signals. However, as different customers have dif-
ferent consumption levels, the absolute change of demand in
response to the change of price will fluctuate very differ-
ently. For instance, for customers with relatively high energy
consumptions, the absolute change in demand responding to
price signals might look high, however, the relevant change
(e.g. against his average consumption) might be low. Instead,
a customer with relatively low energy demand level might
have already changed his behaviour significantly in response
to price signals even though the absolute change in demand
is lower than customers with high consumption level. As in

the demand modelling and pricing optimization, we are more
interested in the relative responsiveness of demand to prices
so as to design customized pricing strategy for each customer
group, we need to normalize the consumption profiles of
customers before adopting them as clustering attributes. In
addition, we are interested in the demand changes in some
particular time periods such as the peak demand time (early
evenings) and off-peak demand time (night) to better reflect
the demand shifting and demand reduction behaviours. Based
on the above considerations, we normalize customers’ con-
sumption data against their daily average consumptions.

3) Clustering algorithms: Assume we have N observations
(number of customers) denoted as atr1, atr2, ...atrN for the
clustering algorithm. Each observation is a r-dimensional real
vector, i.e. atrn ∈ Rr where r represents the length of
normalized electricity consumption data. More specifically,
for hourly dynamic pricing (i.e. H = 24), the clustering
attributes could be selected to be historical hourly consumption
data under dynamic pricing for past D days, i.e. atrn =
{y1n(1), y2n(1), ...y24n (1), ...yhn(d), ...y

24
n (D)}. That is, there are

in total 24 × D clustering attributes. For time-of-use pricing
with three price segments (i.e. H = 3), the clustering attributes
are historical average hourly consumption in each price seg-
ment for past D days with a total of 3×D attributes.

We demonstrate below the clustering procedure using the
popular K-means, which can be easily adapted and applied to
other clustering algorithms, e.g. Hierarchical Clustering [18].

The optimal number of customer clusters is denoted as K.
Therefore, the K-means clustering aims to optimally assign
each customer to a cluster to minimize the within-cluster
variance, i.e. find the optimal partition sets for those N
observations C = {C1, C2, ..., CK}. Mathematically, the K-
means is formulated as the following optimization problem:

min
C

K∑
j=1

∑
atr∈Cj

d(atr, µj) (1)

where Cj is the set of observations that correspond to cluster
j, µj is the mean of observations in set Cj , which is also a r-
dimensional real vector. Further, atr represents each possible
observation in set Cj .
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The distance function d(atr, µj) in our considered K-means
is based on the Euclidean distance and is defined as follows:

d(atr, µj) =

√√√√ r∑
i=1

(
atri − µi

j

)2
(2)

where atri is the i-th element in the vector atr and µi
j is the

i-th element in the vector µj .
4) Clustering Evaluation: Due to the lack of ground truth

information, we consider internal clustering validation. In
this paper, we choose two internal evaluation metrics: the
Silhouette Coefficient (SC) and the Davies-Bouldin index
(DBI) [19]. SC is obtained by contrasting the average distance
to objects in other clusters with the average distance of objects
within the same cluster. That is, clusters with low similarity
between clusters and high similarity within a cluster will have
higher SC values. DBI is related to the ratio of the intra-
cluster distances to the inter-cluster distances. Therefore, a
lower DBI value indicates a better clustering configuration. As
can be seen from the above, these two metrics simultaneously
consider not only within cluster distance but also the distance
between clusters. That is, they measure both the intra-cluster
and inter-cluster similarities. The optimal clustering algorithm
and the number of clusters are chosen such that the above
evaluation metrics are optimized.

C. Customized Demand Modelling
We denote the set of customer groups as G = {1, 2, ...G}.

To offer different pricing strategies to different customer
groups, we need to build a customized demand modelling
for each group g ∈ G. Note that the proposed approach
is fundamentally different from the individual-level approach
which is computationally expensive and usually has a poor
modelling accuracy due to the loss of mutual compensation
of usage variations between customers. Instead, our proposed
approach reduces the uncertainty and variation of individual
usage behaviour via grouping customers with similar be-
haviour, which not only improves the modelling accuracy but
also achieves great simplicity in computing. In addition, the
proposed approach is able to distinguish amongst different
usage behaviours of customer groups and enable the demand
model that is appropriate to a given customer segment.

As mentioned in subsection III-A, suppose we have cus-
tomized demand models for each sub-cluster in the cluster
merging stage already identified based on the below method,
the customized demand modelling for each customer group
after cluster merging can be achieved by aggregating demand
models of relevant sub-clusters.

1) Price-demand modelling: we adopt a linear price-
demand modelling approach in this study with important
market constraints to ensure the resulting demand model
exhibits reasonable and rational market behaviours, which are
important for the multiple pricing optimization.

The estimated demand function for each group g ∈ G during
each hour h ∈ H , {1, ...,H} can be represented as follows:

Rg
h

(
p1, p2, ...pH

)
= αg

h + βg
h,1p

1 + ...+ βg
h,Hp

H (3)

where parameter βg
h,h can be used to account for the self-

elasticity or direct elasticity of customer group g that measures
the responsiveness of electricity demand at hour h to changes

in the electricity price at h. βg
h,l are used to represent the

cross-price elasticity of customer group g, which measures
the responsiveness of the demand for the electricity at hour h
to changes in price at some other hour l 6= h.

2) Realistic market constraints: When the price at hour
h increases but prices at other times remain unchanged, the
demand at hour h usually decreases, and thus βg

h,h is non-
positive (see (4)). When the price of electricity at hour l
increases but prices at other times remain unchanged, some
demand at hour l can be shifted to hour h, and therefore the
demand at hour h usually increases. Thus, the cross elasticity
is non-negative (see (5)).

βg
h,h ≤ 0. (4)

βg
h,l ≥ 0 if h 6= l. (5)

In addition to constraints Eqs. (4)(5), we develop an im-
portant necessary and sufficient condition (see (6)) for the
electricity to be a demand consistent retail product to ensure
the demand model follows a normal market behavior.

βg
h,h +

∑
l∈H,l 6=h

βg
l,h ≤ 0. (6)

To be more specific, for a retail product such as elec-
tricity, suppose there are several competitive prices P =
{p1, p2, ...pH} for this product and their corresponding de-
mands are Y = {y1, y2, ...yH}. It is said that the given
product in the market is demand consistent if for any two
sets of prices P1 = {p11, p21, ...pH1 } and P2 = {p12, p22, ...pH2 }
satisfying P1 ≤ P2 (defined as ph1 ≤ ph2 ∀h ∈ {1, 2...H})
the corresponding demands {y11 , y21 , ...yH1 } and {y12 , y22 , ...yH2 }
satisfy Y1 = y11 + y21 + ... + yH1 ≥ Y2 = y12 + y22 + ... + yH2 .
In other words, when some prices are increased whereas other
prices remains unchanged (that is, the overall market price is
increased), the total market demand Y = y1 + y2 + ... + yH
will decrease or remain unchanged. This market consistency
condition is particularly important for the pricing purpose to
ensure the result of the pricing optimization being realistic.
If such a condition is not satisfied, it may end up with an
unrealistic optimal price decision where the overall market
price increases, and the demand increases simultaneously. It
would create unrealistic or non-existing profit as a result of
the inaccurate demand model, which might eventually lead to
wrong pricing/ market decisions by energy retailers.

3) Model estimation: Given the historical hourly demand
and price data for each customer group over the past D days,
the unknown coefficients in the above demand models can be
identified by solving the following weighted least square op-
timization problem with constraints for each customer group:

min
∑

d∈D
∑

h∈H λ
D−d
g (αg

h + βg
h,1p

1(d) + ...+

βg
h,Hp

H(d)− yhg (d))2
subject to (4), (5) and (6).

(7)

where 0 < λg ≤ 1 is the forgetting factor that exponentially
reduces the influence of old data. In the current form of
the problem, it is difficult to solve using traditional math-
ematical methods such as least square (difficult in handling
parameter λ ) or recursive least square (difficulty in handling
constraint (6)). Instead, we reformulate the problem into a
typical quadratic programming problem, which can be solved
using off-the-shelf mathematical optimization packages.
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Remark 1. This customized demand modelling approach
has desirable capabilities and characteristics such as higher
demand modelling accuracy compared with the aggregated
or individual demand modelling approaches. In addition, the
model has high interpretability and can be directly embedded
in the profit maximization problem of the retailer without af-
fecting its mathematical characteristics (i.e. the resulting profit
maximization problem remains to be well-defined and could be
solved by conventional mathematical programming methods)
as opposed to other grey/black box based demand models
(e.g. neural networks) where the resulting profit maximization
problem is likely to be ill-defined and usually needs to employ
meta-heuristic methods.

IV. MULTIPLE PRICING OPTIMIZATION

As aforementioned, by offering ‘right’ prices to ‘right’
customers, it can not only improve the customer satisfaction
(which is useful for retailers to keep or improve their market
share) but also increase retailer’s profit (which can be seen
as an innovation service to reduce the cost). Specifically, the
multiple pricing offers customized prices to satisfy needs of
different customers. By offering ‘right’ prices, it will also
greatly incentivize customers to shave their peak demand,
which in turn reduces the power generation cost (and therefore
retailer’s purchase cost).

With the customized demand modelling in place, we formu-
late the multiple pricing problem to maximize the profit for
the retailer. By defining the minimum and maximum prices
that the retailer can offer to each customer group, we have

pmin
g,h ≤ phg ≤ pmax

g,h ,∀h ∈ H, ∀g ∈ G (8)

where pmin
g,h and pmax

g,h are usually set based on considerations
such as the cost of wholesale electricity, customers’ willing-
ness and affordability to pay, and political pressure. On the
one hand, to avoid a loss, the retail price is often set higher
than the wholesale price. On the other hand, an upper bound of
the retail price is usually imposed to create a reasonable long-
term price image to withhold market share from competitors.
In addition, government policy and customers’ acceptability
also force prices to be upper bounded.

Due to the retail market regulation, a revenue cap REmax

is usually in place for the energy retailer to ensure a sufficient
number of low price periods and to improve customers’
acceptability of pricing strategies. Therefore, we consider:∑

g∈G
∑

h∈HR
g
hp

h
g ≤ REmax (9)

where Rg
h = αg

h + βg
h,1p

1
g + ...+ βg

h,Hp
H
g .

It should be noted that the above revenue constraint is
important in practice from the pricing optimization perspective
to ensure a sensible pricing strategy for the retailer. Since
the electricity is a basic necessity and therefore less elastic,
without such a constraint, a retailer could lift its profit greatly
by increasing its prices aggressively.

To have a good price image among customers (which is
important for the energy retailer’s market share in the long-
term), we include a constraint such that the average prices
offered by the retailer to each customer group are the same.
This can be done by setting the average price offered to each
customer group to be some predefined value denoted as FP

(e.g., the equivalent flat price). For instance, [20] has included
such kind of constraint in their uniform pricing model. Note
that constraint (10) can have similar effects as constraint (9)
in ensuring sufficient low price periods for customers.∑

h∈H ph
g

H = FP, ∀g ∈ {1, 2, ..., G} (10)

Finally, the pricing optimization problem for the retailer can
be represented as the following profit maximization problem:

max
∑

g∈G
∑

h∈H
(
phg − ch

)
×Rg

h(p
1
g, p

2
g, ...p

H
g )

subject to constraints (8), (9) or/ and (10)
(11)

where ch is the unit supply cost of the retailer.
The above problem is a quadratic constrained quadratic

programming (QCQP) problem when constraint (9) is in-
cluded. Otherwise, it is a standard quadratic programming
(QP) problem. Both can be solved using the off-the-shelf
mathematical optimization packages.
Remark 2. The considered multiple pricing framework with
customer segmentation and customized demand modelling has
the capability of customizing different pricing strategies for
different group of customers and offers the following benefits:
1) it ensures the practicability and tractability of the multiple
pricing model in real world applications where there could be
millions of customers served by the same energy retailer; 2)
it could enhance the modelling accuracy by customized price-
demand modelling where the high randomness of individual
customers could cancel out with each other within the group
compared with the individual demand modelling approach
required for individual/ personalized pricing schemes.

V. RESULTS

In this section, we first use a real-world smart meter dataset
to demonstrate the effectiveness of the proposed adaptive cus-
tomer segmentation framework. Then, results for the multiple
pricing optimization are presented.

A. Residential Customers Clustering Analysis

1) Dataset: The smart meter dataset used in this paper
is from the Irish smart meter trial, which is available at
[21]. The dataset include half-hourly energy consumption from
residential smart meters from July 2009 to the end of 2010.
All customers were placed under flat prices from July 2009
till the end of 2009. They were divided into different groups
and offered different time-of-use (TOU) tariffs with different
levels of peak, day and off-peak prices from January 2010.

2) Clustering Results: To demonstrate the adaptive cluster-
ing based customer segmentation framework and capture price
changes between flat prices and TOU, we consider smart meter
data of customers under four residential TOU tariffs (Tariffs
A, B, C, D- termed as TA, TB, TC, TD) [21] during the time
period between December 01, 2009 and January 31, 2010.
After the data preprocessing, we have obtained a smart meter
dataset of 3208 customers.

We use the normalized average hourly consumption over
the day in December and January as clustering variables (i.e.
48 attributes) for each customer. K-means and hierarchical
clustering are chosen and two cluster validity indexes SC
and DB index are considered for the selection of optimal
clustering algorithm and the number of clusters (a range
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(a) Cluster 1 (b) Cluster 2
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(c) Cluster 3 (d) Cluster 4

Fig. 4: The normalized consumption profiles of each cluster.

between 2 and 8). Through the sub-clustering process for each
tariff group, we obtained 13 sub-clusters in total. Due to the
limitations of dataset (i.e. TOU tariffs remain the same), the
merging of sub-clusters is implemented by grouping closest
sub-cluster centroids through K-means with the desired final
number of clusters as four. The results of adaptive customer
segmentation are summarized in Table I. In addition, the
normalized electricity consumption profiles of four clusters
are illustrated in the Figure 4 whereas corresponding cluster
centroids are presented in Figure 5. It can be seen that each
cluster has distinct characteristic such as different number
of electricity consumption peaks and timing of peaks. In
additional, electricity consumption behaviour changes over
December 2009 and January 2010 could also be identified
(e.g. see Figure 5) , which might be explained by the price
effects (i.e. flat prices in December and TOU in January).

B. Multiple Pricing Optimization

We evaluate our multiple pricing optimization as follows:
first, we identify customized demand models for each group of
customers and the aggregated demand model for all customers.
Based on the aggregated demand model for all customers, we
use the uniform pricing optimization version of the proposed
pricing model to obtain optimal uniform prices for all cus-
tomers over the optimization horizon (i.e. all customers receive
the same pricing decision); secondly, based on identified
customized demand models for each customer groups/clusters,
we adopt multiple pricing optimization to find optimal multiple
pricing strategies for different types of customers (i.e. different
types of customers receive different pricing decisions).

1) Group Demand Modelling: Due to the lack of
individual-level demand and price data, we build group de-
mand models based on modified wholesale electricity market
data. It should be mentioned that there are emerging interests
from academia and industry in enabling open energy data such
as individual-level data for research and development purpose.
Therefore, it is credible to predict such household level data
will become publicly available in the foreseeable future.

Motivated by [22], we consider a residential district with
3000 households comprised of three types of customers: 1000
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Fig. 5: Electricity consumption of cluster centroids.

insensitive households who are typically insensitive to price
changes (IS customers), 1000 curtailable customers who will
reduce their electricity usage at some hours when correspond-
ing prices are high but less willing to shift their electricity
usage (SC customers) and 1000 shiftable and curtailable
customers who are willing to shift their electricity usage from
peak hours to off-peak hours and curtail their electricity usage
at high price periods (SCS customers).

First, the PJM day-ahead energy market demand and price
data for the period between December 20, 2018 and December
19, 2020 [23] are downscaled for the group demand mod-
elling of IS customers. Second, demand models of SC and
SCS customers are modified directly from identified demand
models of IS customers to reflect SC customers have higher
absolute values of self-elasticity and SCS customers have
higher absolute values of both self and cross elasticities.

2) Multiple Pricing Optimization Results: For the pricing
optimization, the parameters are set as follows: the maxi-
mum and minimum price bounds are set to 25 cents and
the purchasing cost (wholesale price) respectively whereas
the average price is set to 10 cents. The obtained optimal
multiple prices and uniform prices are presented in Figures
6 and 7 respectively. It can be seen that different from the
uniform pricing, the multiple pricing has the flexibility to
offer customized prices to different types of customers. In
particular, prices for SCS customers are fluctuated across
the day, which provides the opportunity for customers to
make energy shifting decisions. In comparison, prices for SC
customers are relatively stable with two peak price periods
around the morning and evening. This is due to the fact that
SC customers will usually curtail their usage during high price
time periods but have less flexibility in energy shifting. For IS
customers, they have a morning peak price and interestingly an
early evening peak price (4-5pm). This could be explained by
the existence of the fixed average price constraint in the pricing
optimization model such that excessive bills can be avoided
for such group of customers. To compare the profit gained
by the retailer through two different pricing strategies, we re-
run the optimization for another nine times using simulated
electricity purchase cost data. The results show that compared
with uniform pricing, the retailer could achieve around 2.1%
improvement in profit on average.

The above simulation results give promising indications: 1)
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TABLE I: Summary of results of the adaptive clustering based customer segmentation.

Initial groups Sub-clustering stage Final merging stage
Group name Size of each group Group name Optimal algorithms and number of sub-clusters SC DB index Group name Size of each group
TA 1156 TA K-means/ 3 0.18 2.27 Cluster 1 750
TB 438 TB K-means/ 3 0.19 2.29 Cluster 2 1154
TC 1181 TC K-means/ 3 0.18 2.31 Cluster 3 70
TD 433 TD K-means/ 4 0.15 2.37 Cluster 4 1234
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Fig. 6: Optimal multiple prices for different customer groups.
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the proposed pricing method is able to provide the impor-
tant flexibility such that ’right’ prices are offered to ’right’
customers; 2) the retailer has intrinsic incentives to adopt the
proposed multiple pricing approach; 3) By properly imple-
mented, the proposed multiple pricing framework has potential
to achieve benefits for different stakeholders in the system.

VI. CONCLUSION

In this paper, we propose a multiple dynamic pricing frame-
work for the smart grid retail market, which consists of key
components of adaptive clustering-based customer segmen-
tation, customized demand modelling, and multiple pricing
optimization. First, an adaptive clustering based customer
segmentation is implemented to obtain desirable customer
segments. Second, customized demand models are learned
for each group of customers in a data-driven manner with
important and realistic market constraints included. Compared
with the uniform pricing (low flexibility in offering customized
services) and individual pricing (high randomness and poor
scalability), by considering different usage patterns among

customers, the multiple pricing approach enabled by the dy-
namic and adaptive customer segmentation and customized
demand modelling can not only offer ”right” prices to ”right”
customers but can also enable scalable and practical appli-
cations for the retailer with many customers. Finally, the
effectiveness of the proposed framework is evaluated through
simulations supported by the real-world data.
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