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Abstract: The best pricing method for any company in a perfectly competitive market is the pricing
scheme with regards to the marginal cost. In contrast to this environment, there is a market
with imperfect competition. In this market, the price can be affected by some players in the
generation/demand side (i.e., suppliers and/or buyers). In the economic literature, “market power”
refers to a company that has the power to affect prices. In fact, market power is often defined as
the ability to divert prices from competitive levels. In the electricity market, especially because
of the integration of intermittent renewable energy resources (RESs) along with the inflexibility of
demand, there are levels of market power on the supply side. Hence, implementation of demand
response (DR) programs is necessary to increase the flexibility of the demand side to deal with
the intermittency of renewable generations and at the same time tackle the market power of the
supply side. This paper uses economic theories and mathematical formulations to develop a flexible
responsive load economic model (FRLEM) based on real-time pricing (RTP) to show modification of
the load profile and mitigation of the energy costs for an industrial zone. This model was developed
based on constant elasticity of the substitution utility function, known as one of the most popular
utility functions in microeconomics.

Keywords: demand-side management; economic demand response model; consumer utility function;
electricity market restructuring

1. Introduction

The objective of demand-side management (DSM) in the industrial sector is to improve the
profile of electrical loads by two means: (1) energy efficiency solutions; and (2) demand response (DR)
programs. An energy efficiency solution reduces the electricity consumed to provide a certain service,
with the primary goal of reducing electricity costs and protecting the environment. These programs
reduce the total electricity consumption and peak electricity load with the help of energy-efficient
equipment and other efficiency improvement means. These programs consist of activities such as
installing thermal insulators, low-power equipment, and so on [1].

The DR program refers to a set of measures aimed at encouraging a voluntary change in the
consumers’ electricity usage pattern in response to changes in electricity prices or grid reliability
conditions. The increase in the demand-side capacity following the participation in such programs
could effectively reduce the electricity costs [2] and improve the robust operation of energy systems [3],
as well as enhance system reliability [4,5]. The US Department of Energy has defined DR as changes in
electric usage by end-use customers from their normal consumption patterns in response to changes in
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the price of electricity over time (passive participation), or to incentive payments (active participation)
designed to induce lower electricity use at times of high wholesale market prices or when system
reliability is jeopardized [6]. This DR definition is focused on the price of the wholesale market and
the occurrence of power crises. However, what is important for consumers is the retailer’s price,
which includes the cost of energy transmission, distribution, and peripheral services. The Nordic
Electricity Market has provided a more precise definition of DR as a voluntary temporary adjustment
of electricity demand as a response to a price signal or a reliability-based action [7].

The DR programs are classified into two major categories and several subcategories, as shown in
Figure 1 [8].
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Figure 1. Classification of demand response (DR) programs.

In the industrial sector, electrical loads can be categorized into several groups in terms of their
response to DR programs. In [9], these loads are divided into three categories:

• The loads related to production machinery and equipment that apply a variable force on a
raw material over a defined cycle time (e.g., mechanical and hydraulic equipment, presses,
welding equipment, etc.). These loads cannot be modified, but can be switched on/off when
necessary. Therefore, these electrical loads can respond well to direct load curtailment commands
while supporting demand-shifting-type DR programs.

• The loads related to production machinery and equipment that apply a steady continuous force to
move fluids (e.g., pumps, fans, blowers, air compressors, etc.). The power consumption of these
loads can be adjusted as needed, so they respond to all DR programs.

• The loads related to production machinery and equipment that change the phase, composition,
or chemical properties of a raw material and run continuously unless stopped for maintenance.
Any interruption or change in the power supply of such machinery may result in the failure of
the production process or poor product quality. These loads never respond to DR programs.

According to the above-mentioned classification of electrical loads in the industrial sector, we can
conclude that some of these electrical loads (known as flexible demand) may respond well to DR
programs [9] However, there are several technical/operational challenges and obstacles ahead of the
application of such programs in the industrial sector. These mainly include [10–12]:

• Absence of proper responsive load economic models,
• Poor understanding of the technical potentials of DR programs in the industrial sector,
• Insufficient economic returns of DR programs,
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• Inadequate time to adjust production or take action,
• Absence of smart platforms for reciprocal communication between retailers and

end-use customers.

In general, access to a flexible responsive load economic model (FRLEM) greatly contributes
to our knowledge about the impact of consumer participation in DR programs and their influence
on the load profile [13–15]. Therefore, many such models have been developed for DR programs of
different types, such as time of use (TOU), critical peak pricing (CPP), and real-time pricing (RTP)-based
programs [16–20]. However, most of these models utilize the concept of price elasticity, which assumes
the point elasticity as the price elasticity of demand at a particular point on the demand curve. In other
words, these models linearize the demand curve at a specific operating point instead of considering
the entire demand. This means that they consider the price elasticity of demand as a pre-known
fixed value at a point on the demand curve. Since the price elasticity varies along the demand curve,
this assumption creates a discontinuity in the decision-making process. Therefore, these models will
not perform well for the industrial sector, where a given DR model is supposed to consider countless
consumers with different loads [21,22].

In References [23,24], economic theories and mathematical formulations are used to present
a novel model for TOU-based DR programs with effective market-oriented models for residential
consumers to change their time of consumption (i.e., to achieve adjustability in the DR model).
Application of DR programs for the operation management of energy hubs is investigated in
Reference [25], where responsive thermal and electrical loads are presented with related temporal
behavior. Authors in [26] presented a day-ahead multi-objective optimization model for a building
energy management system under TOU price-based DR programs, which merges building-integrated
photovoltaic with other generations to optimize the economy and occupants’ comfort by the synergetic
dispatch of source–load–storage. In [27], an incentive DR program is proposed to assist customers to
participate in the program. The proposed plan provides tools that can help the customers’ premises to
take part in DR programs. Likewise, a multi-level demand charge, along with an RTP program and
incentivized signals is proposed in [28] for the participation of thermal energy storage (TES)-integrated
commercial buildings in DR programs. The findings demonstrate that the existence of TES in a
commercial building could result in higher flexibility for joining DR programs, and so to further
decrease energy costs while maintaining the level of comfort for residents.

In this paper, we use economic theories and mathematical formulations to develop an RLEM for
RTP-based programs with 24-h time intervals. Our aim in this effort was to achieve a model with
two primary features: adaptability and adjustability. Here, adaptability refers to the applicability
of the proposed model to all types of consumers regardless of their response to the DR program.
Moreover, since the operating plans of industrial consumers may vary depending on their policies,
extensive disparity in the hours of power usage in the industrial sector might be needed. Because of
this, the model to be developed for this sector has to be sufficiently adjustable, which is also considered
in this work. In light of the reviewed literature, the contributions of this work can be summarized as:

• A novel model is presented based on economic theories and mathematical formulations to enable
industrial customer response to RTP-based DR programs for cost minimization,

• An efficient framework is proposed for industrial load management by considering different
levels of participation in DR programs,

• A working platform is introduced to support key functionalities of an industrial DR program
known as adaptability and adjustability.

The rest of this paper is given as follows: Section 2 explains theory of consumer choice.
Simulation results together with model validation under different test scenarios are presented in
Section 3. Finally, Section 4 concludes the paper by summarizing the main results.
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2. Theory of Consumer Choice

As mentioned in the introductory part of the paper, a model to be used for an RTP-based DR
program should be able to account for a wide range of customers by featuring both adaptability and
adjustability. Many of the existing models are based on the concept of price elasticity of demand,
which cannot meet these features in a continuous process, as required for RTP-based programs.

The theory of consumer choice is a well-known microeconomics theory that explores how
consumers spend their economic resources according to their preferences and subject to their budget
constraints. Two important instruments of this theory are the utility function and the budget constraint.
The interactions of these functions and constraints determine how consumers make their spending
decisions [29,30].

The utility function is an economic concept that represents the interest in gaining greater returns.
There is no specific method for formulating this function, and it is often derived through empirical
methods. One of the most popular standard utility functions developed for microeconomic analyses is
the constant elasticity of substitution (CES).

This function is widely popular among economists working on microeconomic problems, and is
normally applied where there are several different commodities available for consumption. The CES
utility function for n commodities is [31]:

U(X1, X2, X3, . . . , Xn) =

(
n

∑
i=1

α
1−ρ
i Xρ

i

) 1
ρ

0 6= ρ ≺ 1
n

∑
i=1

αi = 1; αi > 0 (1)

In the above formulation, (ρ − 1)−1 is the elasticity of substitution and αi denotes the share factors.
To expand this function to the electricity market, we assume that electrical energy with a specific

price P1 is considered as a commodity (X1), and electrical energy at a specific price of P2 is considered
as a commodity (X2). Thus, assuming n electricity price levels for a 24-h period, we will have
n commodities.

Parameter ρ determines the consumer’s desire to participate in DR program. The greater the
value of ρ, the more willing the customer will be to participate in DR program. This parameter
also provides the first feature of a worthy DR model, known as adaptability. This means that by
changing/fine-tuning this parameter, a broad range of customers in the electricity market can be
considered. In the same way, parameter αi (or share factors) accounts for adjustment of consumption
ratio over the time in accordance with the customer’s request. That is, changing the αi parameter
provides a new arrangement of the consumption in each hour. This enables the model to account for
adjusting the amount of consumption in every time interval, which is the second feature of a worthy
DR model, known as adjustability of consumption levels. From now on, parameter ρ is named as the
adaptability parameter while αi is named as the adjustability parameter.

In the theory of consumer choice, consumer’s spending decisions are subject to budget constraints.
This theory considers the consumer behavior as a maximization problem where the goal is to obtain the
highest profit from limited resources. Since a consumer’s desire for making more profit is unlimited,
the only factor that limits consumption is the limited budget. Therefore, the utility function subject to
the budget constraint is:

U(C1, C2, C3, . . . , C24)

s.t. B =
24
∑

i=1
(Ci · Pi)

(2)
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Here, it is assumed that the consumer adjusts their flexible power consumptions (Ci) according to
the pricing scheme. Therefore, the consumer aims to maximize the following utility function:

Max

U(C1, C2, C3, . . . , C24) = (
24
∑

i=1
α

1−ρ
i Cρ

i )

1
ρ

 ; 0 6= ρ ≺ 1 ;
n
∑

i=1
αi = 1; αi > 0

s.t. B =
24
∑

i=1
(Ci · Pi)

(3)

According to the method of Lagrange multipliers [32]:

L =

(
24

∑
i=1

α
1−ρ
i Cρ

i

) 1
ρ

+ λ

[
B−

24

∑
i=1

Ci · Pi

]
(4)

The partial derivatives of Equation (4) with respect to any Ci and λ are given by:

dL
dCi

= α
1−ρ
i Cρ−1

i ·
(

24

∑
j=1

α
1−ρ
j Cρ

j

) 1−ρ
ρ

− λPi = 0 ⇒ λPi = α
1−ρ
i Cρ−1

i ·
(

24

∑
j=1

α
1−ρ
j Cρ

j

) 1−ρ
ρ

(5)

dL
dλ

= B−
24

∑
i=1

Ci · Pi= 0 (6)

Taking (5) and (6) into account, one can easily conclude that:

C2 = α2
α1

(
P2
P1

) 1
ρ−1 · C1

C3 = α3
α1

(
P3
P1

) 1
ρ−1 · C1

...

C24 = α24
α1

(
P24
P1

) 1
ρ−1 · C1

(7)

By substituting the relations extracted from (7) into (6), we arrive at:

B = C1 · P1 +
α2
α1

(
P2
P1

) 1
ρ−1 · C1 · P2 +

α3
α1

(
P3
P1

) 1
ρ−1 · C1 · P3 + . . . . . . . . . + α24

α1

(
P24
P1

) 1
ρ−1 · C1 · P24;

⇒ C1 = B

P1+
α2
α1

(
P2
P1

) 1
ρ−1 ·P2+...+ α24

α1

(
P24
P1

) 1
ρ−1 ·P24

(8)

Assuming Ω as the denominator of the above formulation, we have:

Ω = P1 +
α2

α1

(
P2

P1

) 1
ρ−1
· P2 +

α3

α1

(
P3

P1

) 1
ρ−1
· P3 + . . . . . . . . . +

α24

α1

(
P24

P1

) 1
ρ−1
· P24 (9)

Therefore, the load model for a 24-h daily period in the presence of an RTP-based DR program is:

C1 = B
Ω

C2 = α2
α1

(
P2
P1

) 1
ρ−1 · B

Ω

...

C24 = α24
α1

(
P24
P1

) 1
ρ−1 · B

Ω


⇒

 Ch = αh
α1

(
Ph
P1

) 1
ρ−1 · B

Ω

h = 1, 2, . . . , 24

 (10)
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Since the industrial production in any industrial zone is directly related to their electricity usage,
there is no difference between the total electricity consumed over a 24-h period before and after the
implementation of the DR program. In other words, the change will be in the pattern (hours) of
consumption, not in the total power consumed, which means:

Cprimary =
24

∑
h=1

Ch =
24

∑
h=1

αh
α1

(
Ph
P1

) 1
ρ−1
· B

Ω
(11)

where Cprimary is total electricity consumed before the DR program.

B =
Ω.Cprimary

24
∑

h=1

αh
α1

(
Ph
P1

) 1
ρ−1

(12)

By substituting (12) into (10), it can be deduced that:

Ch =
αh
α1

(
Ph
P1

) 1
ρ−1
·

Cprimary

24
∑

h=1

αh
α1

(
Ph
P1

) 1
ρ−1

(13)

As shown in (13), the demand for each hour Ch is a function of budget B, price Ph, adjustability
parameters αh, and adaptability parameter ρ. The consumers’ budget is limited and prices are
determined by market mechanism and retailers. Thus, the parameters related to the customer are ρ

and αh. These parameters decide the extent of consumer participation in the DR program, and can be
used to estimate how the consumer responds to such programs.

3. Performance Evaluation

In this section, we examine the performance of the proposed model. The load profile used for this
purpose (Figure 2) belongs to an industrial zone that was adopted from [33].

In this industrial zone, as shown in Table 1, operation of industrial units is continuous and are
scheduled in three shifts per day [34]. Also, the electric energy demand is divided into non-flexible and
flexible parts. In each work shift, it is assumed that the minimum demand relates to the non-flexible
part while the rest of the electrical demand relates to the flexible loads. Hence, we are only able to
manage the flexible part of the demand to reduce the cost of purchasing electrical energy.

Table 1. Work shifts.

Day Shift Evening Shift Night Shift

08:00–15:00 16:00–23:00 00:00–07:00

Note that the work shift times can affect the cost of a company. In general, employers pay a
premium to the night-shift workers. Hence, there is less willingness to engage workers in the night
shift from the company owner’s perspective. Since the cost of paying for night-shift workers may
be higher than the cost of electricity, there should be a trade-off between these two. The proposed
DR model in this paper could also address this issue with the help of the adjustability parameters α.
Wages are assumed to be constant for any time within a given work shift.
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Therefore, the values of adjustability parameters αh are considered different among different work
shifts while remaining unchanged within a work shift, that is:

αday = αh1 h ∈ 08 : 00− 15 : 00
αevening = αh2 h ∈ 16 : 00− 23 : 00
αnight = αh3 h ∈ 00 : 00− 07 : 00

(14)

As an example, the condition αday > αnight denotes that the company owner’s desire to use electrical
energy for the day shift is higher than for the night shift. On the other hand, when αday = αevening = αnight,
the industrial DR participant demonstrates a homogeneous behavior along the day, meaning that there
is no difference among the work shifts from the company owner’s viewpoint.

In the following sections, the effectiveness of this model is validated under two case studies.
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Figure 2. Load profile used in the evaluation.

3.1. Case I

In the first case, we simulated four scenarios, illustrated in Table 2. In the first scenario simulation,
customers (e.g., industrial plants) showed no response to price changes, that is, there was no
participation on the part of consumers. In the next three scenarios, consumers participated by the
amounts shown in the third column of Table 2. As stated earlier, the higher the ρ value, the greater
the participation of customers in the DR program. The following assumptions were also made for the
aforementioned scenarios:

(a) The price signal for the examined industrial zone was provided in two ways (Note: in both
pricing methods, the average price was the same for over 24 h):

(1) RTP pricing (as shown in Figure 3a, belongs to the date 28 August 2017, available in [35]);
(2) TOU pricing according to work shifts (as shown in Figure 3b);

(b) The adjustability parameters values were the same for all work shifts, that is,
αday = αevening = αnight.
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Table 2. Performance evaluation of the proposed model in different scenarios. RTP: real-time pricing;
TOU: time of use.

No. Program Partnership
Level

Energy Consumption
(MW)

Budget
(Euro/kW)

Budget
Change (%)

1
TOU - 1528 69,064 base
RTP 1528 71,508 base

2
TOU

0.3
1528 63,906 −8.07

RTP 1528 63,273 −13.01

3
TOU

0.5
1528 62,769 −10.02

RTP 1528 62,045 −15.25

4
TOU

0.8
1528 59,254 −16.55

RTP 1528 58,433 −22.37

The results obtained by modelling of the scenarios are presented in Table 2. As the fourth column
of this table shows, all scenarios had the same total energy consumption. This is consistent with our
second assumption, which states that industrial units do not reduce their total energy usage but shift
the usage from high-price hours to low-price hours to minimize their electricity bill without altering
their output.

According to the budget column of the first scenario in Table 2, the RTP program had greater cost
implications for customers than TOU program. This is a realistic result, as implementation of RTP
program is more likely to transfer the risk of the wholesale market from retailers to consumers.
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In scenario No. 2, although both RTP and TOU programs were modelled with the same participation
level (ρ = 0.3), the customer’s electricity budget in RTP was less than in TOU.

This was also true for the reduction in electricity budget, meaning that even a low participation in
the RTP program resulted in a lower electricity budget compared to the base scenario and TOU.

An examination of Table 2 also reveals similar results for scenarios No. 3 and 4. However, as the
participation rates assumed in these scenarios were greater than before, the consequent reductions
in electricity budget were more significant, which implies that industrial customers can reduce their
electricity bill without reducing their consumption.

To get a better insight into the level of commitment in industrial DR programs over the work shifts,
the load profiles are plotted in Figures 4 and 5 for the different scenarios in Table 2. It can be observed
that with the increase of ρ, the consumer’s wish to take part in DR programs, especially during the
night shift, increased, as the price of electric energy is low. This effect is clearly illustrated in Figure 5
for each time interval.Processes 2019, 7, x FOR PEER REVIEW 9 of 13 
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3.2. Case II

Table 3 shows the changes in the budget and demand for adaptability parameter ρ and
adjustability parameters α = (αday, αevening, αnight).

In Table 3 for a given ρ, when αday = αevening = αnight, as mentioned before, there was no difference
between the work shifts. Because of this, consumption shifted to a night shift when the price of
electrical energy was low. On the other hand, different behavioral patterns during a given working day
could be emulated by considering different adjustability values. As an example, in row 3 of Table 3,
αday = 1.1 × αevening and αday = 1.3 × αnight, which denotes that the company owner’s desire to use
electrical energy for the day shift was higher than the evening shift and much higher than the night
shift. Since the price of electrical energy for the day shift is higher than other shifts, the amount of
required budget is increased relative to the previous state.

In Table 3 for a given α, an increase in ρ (and consequently consumers’ participation) led to a
decrease in the budget, which reflects the consumer’s tendency to move towards more participation
in the DR program. As mentioned and shown in Table 3, the total daily power consumption in the
absence and presence of DR action remained the same and only shifted among different working hours.

As shown in Figures 6 and 7, the required budget and day shift consumption was reduced
by increasing the level of participation ρ. On the other hand, with the increase of the adjustability
parameters αday for the day shift (which means an increase in the inclination of electricity consumption
for day shift with high energy prices), the amount of the budget and day-shift consumption
also increased.

The results obtained for DR model during the night shift are shown in Figure 8. As can be seen,
with the increase of ρ, there was a growing inclination in the power consumption of this shift due to
the lower electricity prices. In a like manner, with the increase of the adjustability parameters αnight,
the consumption tendency increased at the night shift.

Table 3. Changes in the budget and demand.

Scenario
Budget (Euro) and Demand (kW)

ρ = 0.3 ρ = 0.5 ρ = 0.8

base case—without DR 71,508 and 1528
αday = αevening = αnight 63,273 and 1528 62,045 and 1528 58,433 and 1528

αday = 1.1 × αevening and αday = 1.3 × αnight 64,046 and 1528 62,727 and 1528 58,741 and 1528
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Figure 6. Changes in the budget for different values of adaptability and adjustability parameters.

As can be seen from the simulation results, the introduction of the two mentioned control
parameters in an industrial DR action creates a strong tool to adjust the amount of participation and
consumption according to customer preferences. So, the proposed DR model is able to reconcile to
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different customers with different flexibilities against prices, and allows the consumption levels to be
adjusted over different work shifts.

This section may be divided by subheadings. It should provide a concise and precise description
of the experimental results, their interpretation, as well as the experimental conclusions that can
be drawn.
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Figure 7. Changes in the day-shift consumption for different values of adaptability and
adjustability parameters.
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adjustability parameters.

4. Conclusions

The development of flexible responsive load economic models is an important requirement for the
proper evaluation of the consumer participation impact on load profiles. In this paper, economic models
and mathematical formulation were used to develop a new economic model for RTP-based DR
programs. Compared to the existing models reported in the same area, the model presented in
this paper was able to integrate consumers’ tendency to modify the load profile and reallocate the
consumption at any time. This feature enabled the DR model to be customized for every type of
consumer with different preferences. Unlike the previous DR models, which are mainly based on
the concept of price elasticity at a specific operating point, the proposed model considered the whole
demand curve modelling for DR actions. Additionally, the presented model demonstrated that the
classical economic decision-making process for each consumer can be applied. In this way, the decision
maker can identify and assess all possible options and consequences of DR implementation and select
the most logical way of doing so. For example, retailers can use this model to build optimal bidding
curves or help network operators get the information they need about responding to the DR program
in order to determine network tariffs that are appropriate for managing congestions. It was also
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demonstrated that the proposed model enables system operators to investigate the impact of different
participation levels on the aggregated load profile.
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