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Abstract

This paper presents a novel price setting optimization problem for an energy retailer in the smart grid. In this framework
the retailer buys energy from multiple generators via bilateral contracts, and sells it to a population of smart homes
using Time-and-Level-of-Use prices (TLOU). TLOU is an energy price structure recently introduced in the literature,
where the prices vary depending on the time and the level of consumption. This problem is formulated as a bilevel
optimization problem, in which the energy retailer wants to set the prices that maximize the profit, anticipating the
reaction of a population that wants to minimize the total cost. We explicitly consider the users load shifting preferences,
their shifting decisions, and the level of consumption in the definition of the price structure. The optimization problem
is reformulated as a single-level problem to be solved by off-the-shelf solvers. Computational experiments validate the
performance of TLOU and show that the retailer’s economical benefit is enhanced through the implementation of this
type of demand response program, while providing savings for the consumers.
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1. Notation

Sets:
t ∈ T : Time frames
i ∈ I : Generation levels

Parameters:
πGi : Generation cost of the level i (¢/kWh)
πRt : Ramping cost in time frame t (¢/kWh)
Ki : Generation capacity of resource i (kWh)
Z̄ : Ramping allowed at no cost (kWh)
Ψ : Maximum number of changes in the energy

prices
Γt : Shifting cost in time frame t (¢/kWh)
Dt : Energy demand in time frame t (kWh)
C : Power capacity limit (kW)
Ωt : Max additional energy consumption in time

frame t (kWh)

Variables:
πHt : Higher energy price in time frame t(¢/kWh)
πLt : Lower energy price in time frame t (¢/kWh)
xt : Energy bought by the aggregator at time frame

t (kWh)
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Gomez-Herrera )

zt : Energy ramping penalized in time frame t
(kWh)

αt :

{
1 There is a change in the energy price

between periods t and t+ 1
0 Otherwise

yHt : Energy consumption at higher price in time
frame t (kWh)

yLt : Energy consumption at lower price in time
frame t (kWh)

w+
t : Over-consumption with respect to energy de-

mand in time frame t (kWh)
w−t : Under-consumption with respect to energy de-

mand in time frame t (kWh)
vt : Energy bought to the retailer’s competitor in

time frame t (kWh)

Auxiliary Variables:
λat , λ

b : Dual variables associated to equality constraints

µ
(a,...,g)
t : Dual variables associated to inequality con-

straints

ρ
(a,...,g)
t : Binary variables to linearize the complementary

slackness condition

2. Introduction

Energy is a vital resource for modern societies. We
can profit from electricity thanks to the power systems
that generate, transport and deliver electricity on real-time
basis. Ensuring this real-time balance between supply and
demand is one of the most important tasks of the systems
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operators since it affects the operational costs, the user
satisfaction, the reliability of the grid. In this context,
demand response (DR) is one of the most effective ways
to facilitate the aforementioned balance.

According to [1], DR is defined as “changes in electric
usage by demand-side resources from their normal con-
sumption patterns in response to changes in the price of
electricity over time, or to incentive payments designed
to induce lower electricity use at times of high wholesale
market prices or when system reliability is jeopardized ”.
The potential benefits of DR increase in systems with large
penetration of energy renewable sources, since the presence
of renewable generation requires a more flexible demand
due to its intermittent and non controllable nature. Addi-
tionally, the continuous development of smart grids (SGs)
allows a multidirectional communication among the multi-
ple players in the power grid. This exchange of information
enables better decisions and the possibility to movilize DR
resources in a more effective way.

Typically, the DR programs can be classified in two
groups: incentive-based programs and price-based pro-
grams [2]. In the incentive-based programs, the consumers
commit to provide consumption reduction over a specified
period of time in exchange of a financial incentive. In the
price-based programs, the energy supplier or the system
operator defines a set of varying energy prices. Normally,
these prices reflect the generation marginal cost and there-
fore the load in the system during the day. Additionally,
since there are different energy prices during the day, the
end-users are encouraged to shift load in order to profit
from the periods of time when the prices are cheaper.

Currently there are different price-based programs avail-
able in different jurisdictions around the world [3]. One of
the most common pricing scheme is Time-Of-Use (TOU).
A TOU program divides a day into several time windows
and fixes energy prices for each time window. In a simi-
lar way, Critical Peak Pricing (CPP) programs identify a
time window during the day in which a critical situation
can arise in the system, and set a significantly higher price
during the aforementioned time window. The surcharge is
only applied if the critical situation occurs.

We can find other DR pricing schemes in the literature.
The survey presented in [4] contains a comprehensive re-
view of DR pricing programs and how these programs are
integrated with different optimization-based approaches.
Additionally, this survey classifies DR programs in task-
scheduling and energy-management programs, based on
the granularity of the consumption of energy. In the task-
scheduling programs [5], the energy consumption is planned
at the level of individual loads. On the other hand, the
energy-management programs allocates a budget of energy
to the end users who is in charge of manage his inner loads
[6]. Finally the survey highlights the importance and the
potential of game theory approaches in the proper config-
uration of pricing programs.

Authors in [7] proposed a TOU frame work in which
different prices are determined for different segments of

the population with specific characteristics. The goal is to
better incentivize the end-users and to obtain the expected
response and avoid rebound peaks.

Recently, the authors in [8] presented a new price scheme
called Time-and-Level-of-Use. TLOU offers a similar time-
windows-structure to that of the traditional TOU, and in-
cludes power capacity limits that enable multiple energy
prices in each time window depending on the consumption
level. The consumption below a capacity limit is charged
at a cheaper price and the consumption above the capac-
ity limit is charged at a more expensive price. Although
TLOU was initially developed for the residential and com-
mercial energy sectors, authors in [9] have demonstrated
its benefits for industrial customers.

Defining energy prices is a key factor for having an ef-
fective DR implementation of programs mentioned before.
A proper DR price-based program should bring benefits
for the supply and the consumption sides. If the prices are
not attractive enough users will not respond in an effective
way and the system will not profit from the DR program.
On the other hand, if the prices are very appealing, the
users can shift more load than required by the grid creat-
ing rebound peaks that can worsen the initial state of the
system. This effect can specially occur in the context of
smart buildings in which multiple end-users make optimal
decisions locally.

In this regard, bilevel optimization is an effective way
to define energy prices [10]. Bilevel optimization is an op-
timization paradigm in which one problem is embedded
within another. The outer optimization problem is com-
monly referred to as the leader’s problem and the embed-
ded optimization problem is commonly referred to as the
follower’s problem. The leader makes optimal decisions
considering the follower’s optimal reaction to the leader’s
decisions. This anticipation process can be specially useful
to define DR pricing problems. Additionally, this type of
problems are typically difficult to solve due it computa-
tionally complexity [11].

Bilevel optimization has been used in the DR energy
context by several works in the literature [12]. The ap-
proach presented in [13] defines DR contracts between a
wind power producer (leader) and a DR aggregator (fol-
lower). In this case the DR aggregator provides demand
flexibility to the leader to handle the uncertainty gener-
ated by the wind behavior. This problem is defined as a
bilevel problem and reformulated as a mixed integer linear
problem (MILP).

In a similar way, [14] reformulates a bilevel problem in
which the energy supplier (leader) desires to define prices
that minimizes the peak of demand generated by a pop-
ulation (follower) who reacts to the prices. The stochas-
tic nature of real time market prices is considered in the
approached presented in [15]. In this case, the leader
buys electricity in the market and define a dynamic pric-
ing scheme to supply electricity to a population of space
heaters.

The iterative method proposed in [16] allows the en-
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ergy supplier (leader) to coordinate multiple residential
users (followers) in order to flatten the aggregated energy
consumption profile. The authors in [17] propose a bilevel
problem in which a wind producer (leader) has the capa-
bility to affect the market. In this case the leader maxi-
mizes the expected profit subject to the operation of the
day-ahead market clearing (follower).

A bilevel approach to define incentive-based DR pro-
grams is presented in [18]. In this work the leader sets
premiums to encourage the users active participation.

The authors in [19] proposed a trilevel energy mar-
ket that generates load shifting by the implementation of
TOU prices. The trilevel structure involves, energy suppli-
ers, aggregators and end-users. The end-users models are
replaced by an explicit formula and the resulting bilevel
problem is solved by using optimistic and semi-optimistic
approaches.

Note that in the works previously mentioned the energy
prices depend on the hour of the day but that neglect the
user’s consumption level. We propose a novel framework
that explicitly considers the users’ shifting capabilities and
the level of consumption in the definition of DR price-
based programs. The framework allows an energy supplier,
or retailer, to determine the optimal price structure and
the optimal energy prices in a TLOU environment. The
resulting optimal prices help the retailer to maximize the
profit, encouraging in a more effective way the users’ load
shifting, and avoiding undesired effects such as rebound
peaks.

This paper is structured as follows. The proposed ap-
proach is described in Section 3, the computational exper-
iments and results analysis are presented in Section 4, and
the conclusion is given in Section 5.

3. Optimization problem

In this paper we define a framework to optimize the
operations of an electricity retailer that sells energy us-
ing TLOU price structure. TLOU is a DR price-based
program where energy prices vary depending on the time
frame t and the amount of energy consumed. If the en-
ergy consumed in t is lower than the defined power ca-
pacity limit Ct the user pays the basic price πLt . If the
user overshoots Ct he is charged πHt for the fraction of en-
ergy consumed beyond the limit. The TLOU price policy
was introduced in [8] and [20] from the consumer perspec-
tive. These previous works analyze the benefits obtained
by committing to consume electricity below a threshold.
Additionally, [8] presents some evidence of potential ben-
efits on the generation side such as a more homogeneous
consumption, and reduction of rebound peaks.

The general operation of the energy retailer is pre-
sented in Figure 1. The retailer buys electricity from en-
ergy generators via bilateral contracts and sets the energy
prices in order to supply a population of smart homes. The
retailer makes decisions in a competitive environment in

which the competitor offers a pre-defined energy flat rate.
In other words, the population has the possibility to buy
energy vt from a retailer’s competitor at a price Υ. This
feature becomes specially significant due to the inelastic
behavior of the electricity demand [21]. The presence of
the competitor plays an important role in retailer’s price
setting since it represents a reference cost for the popula-
tion and a boundary for the potential retailer’s profit.

We assume that the retailer is able to estimate the
aggregated population’s demand profile Dt and the pop-
ulation’s shifting limit profile Dt + Ωt. Gathering this
information is possible nowadays thanks to the massive
adoption of smart meters and the continuous development
of the smart grid. This information is very relevant for
the retailer since it allows a better planning of the inner
operations and improve the financial results.

Under these conditions, the retailer wants to determine
πLt , and πHt to maximize the profit knowing that the pop-
ulation will minimize its own costs and generate load shift-
ing. This structure is suitable for the use of bilevel pro-
gramming [12]. Although the capacity Ct is an important
part of the definition of TLOU, we have assumed this pa-
rameter as given and constant during the day. We discuss
the implications on the selection of C in Section 4.

Figure 1: Retailer’s operation

3.1. Shifting parameters

3.1.1. Shifting limit

The parameter Ωt is defined as the additional energy
consumption accepted by the population in time frame t.
Consequently Dt + Ωt represents the maximum consump-
tion possible in each time frame.

We assume that the energy demand is always satisfied
at the end of the day (

∑
t∈T (yHt + yLt + vt) =

∑
t∈T Dt).

Therefore if the population shifts load from time frame a
( yLa + yHa + va < Da and w−a > 0), there exists as well
at least one time frame b where the load is being shifted
to (yLb + yHb + vb > Db and w+

a > 0). The parameter Ωt
thus bounds the over-consumption in certain time frames
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as well as indirectly the under-consumption along the day.
Notice that the population does not shift any load if yHt +
yLt + vt = Dt, ∀t ∈ T .

3.1.2. Shifting penalty

The parameter Γt represents economically the discom-
fort generated from shifting. We define the shifting ac-
tivity as the increase of consumption with respect to the
demand (variable w+

t ). The impact of this increase on the
user discomfort depends on when it occurs. According to
[22], and [23], the price elasticity of energy demand is lower
during off-peak periods than during on-peak periods. In
other words, generating a change in the demand during off-
peak hours requires a larger change in price. In our case,
this price change is a discount that must account for the
discomfort that the users perceive as result of the increase
of their consumption during off-peak periods. Therefore,
we assume that the discomfort is higher in the periods of
time when the known demand is lower (i.e. the users do
not want to use many electric devices or appliances).

Following this idea, we define the parameter Γt as:

Γt =
βt
Dt
, (1)

where βt is a weight that accounts for the conversion of
the dissatisfaction units to monetary units, ensuring the
coherence in the order of magnitude with respect to the
other cost parameters in the objective function.

Note that when Dt is equal to zero no consumption
is possible, and Γt becomes infinity (replaced by a large
enough cost in the optimization steps).

3.2. Price setting problem

In this section we define the bilevel model for the TLOU
price setting problem. The leader (i.e the retailer) sets the
energy prices considering the decisions made by the the
follower (i.e. the population).

3.2.1. Leader formulation

As mentioned previously, the retailer seeks to maximize
his profit by charging the users TLOU prices. The objec-
tive function (2) is composed by the income obtained from
the energy sold to the users, the generation cost and the
ramping cost. The generation cost is an increasing func-
tion that accounts for the type of generation: baseline,
load following, and peaking plant. The ramping cost ac-
counts for pronounced variations in the energy generation
curve beyond the technical limitations of the generation
technology. For example when the demand grows rapidly,
the retailer could be forced to buy electricity from a third
party supplier which generates a penalty πRt . In a similar
way if the demand decreases at a great rate the retailer
will face shut-down costs.

max
(π,x,z)

∑
t∈T

(πHt y
H
t + πLt y

L
t )−

∑
i∈I

∑
t∈T

πGi xit −
∑
t∈T

πRt zt

(2)

subject to

yHt + yLt =
∑
i∈I

xit + zt, ∀ t ∈ T (3)

xit ≤ Ki, ∀ i ∈ I, t ∈ T (4)

|
∑
i∈I

xit −
∑
i∈I

xi,t−1 |≤ Z̄, ∀ t ∈ T : t > 1 (5)

| πLt − πLt+1 |≤Mαt, ∀ t ∈ T : t <| T | (6)

| πHt − πHt+1 |≤Mαt, ∀ t ∈ T : t <| T | (7)∑
t∈T

αt ≤ Ψ (8)

t∑
n=t−N+1

αn ≤ 1,∀ t ∈ [N, . . . , | T |] (9)

πLt ≤ πHt , ∀ t ∈ T (10)

πHt , π
L
t , xt, zt,≥ 0, αt ∈ {0, 1} (11)

Constraint (3) ensures the balance between supply and
demand for each time frame including the option to buy
electricity to a third party. Constraint (4) is a capacity
bound for each generator level.

Constraint (5) establishes the ramping limit. For the
sake of simplicity, ramp-up and ramp-down events are as-
sumed to have the same limits and costs. Constraints
(6)-(8) ensure that the TLOU structure is user-friendly,
allowing up to Ψ+1 different prices along the day for each
level of price. The price structure must be simple to fa-
cilitate the end-users understanding and the acceptance of
this novel DR program. The value of M is assumed to be
large enough to account for the maximum allowed differ-
ence between two consecutive prices of the same level. In
a similar way, constraint (9) guarantees that the price re-
mains constant by at least N time frames. Constraint (6)
can be replace by πLt −πLt+1 ≤Mαt and πLt+1−πLt ≤Mαt
in order to remove the absolute value. Constraints (5) and
(7) are linearized in a similar fashion.

Constraint (10) ensures that the higher price is always
greater or equal to the lower price. Finally, constraint
(11) are the nonnegativity constraints and binary variables
definition.

3.2.2. Follower formulation

The follower’s problem is embedded in the constraints
of the leader problem. This type of formulation is com-
monly known as ‘optimistic’ formulation since the leader
can chose the most convenient solution in the case when
the follower has multiple optimal solutions. In this partic-
ular context, we can assume that the population will not
act deliberately against the retailer’s interests and there-
fore the retailer’s optimal solution can be optimistic. In
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this case the consumers aim to minimize the total cost from
the objective function (12). The total cost is composed by
the sum of the energy cost from the TLOU program, the
shifting cost, and the cost of buying energy from the com-
petitor.

min
(y,w)

∑
t∈T

(πHt y
H
t + πLt y

L
t ) +

∑
t∈T

Γtw
+
t +

∑
t∈T

Υvt (12)

subject to

yHt + yLt − w+
t + w−t + vt = Dt, ∀ t ∈ T : (λat ) (13)∑

t∈T
(yHt + yLt ) +

∑
t∈T

vt =
∑
t∈T

Dt : (λb) (14)

yLt ≤ C, ∀ t ∈ T : (µat ) (15)

w+
t ≤ Ωt, ∀ t ∈ T : (µbt) (16)

yHt ≥ 0, ∀ t ∈ T : (µct) (17)

yLt ≥ 0, ∀ t ∈ T : (µdt ) (18)

w+
t ≥ 0, ∀ t ∈ T : (µet ) (19)

w−t ≥ 0, ∀ t ∈ T : (µft ) (20)

vt ≥ 0, ∀ t ∈ T : (µgt ) (21)

Constraint (13) establishes the balance between the en-
ergy bought from the retailer and the competitor, and the
demand. Constraint (14) accounts for the total demand
satisfaction at the end of the day. Constraint (15) limits
the energy consumption at the lower level of the TLOU.
In a similar way, constraint (16) enforces maximum over-
consumption. Finally, constraints (17)-(21) are the non-
negativity constraints.

3.2.3. MILP Reformulation

The resulting price setting optimization model is a bi-
linear bilievel mixed integer linear problem. For fixed
leader variables, the follower problem becomes convex and
is therefore suitable for classical reformulation as a single
level mixed integer linear program (MILP). The follower
problem can be replaced by its Karush-Kuhn-Tucker con-
ditions [10]. The KKT conditions include the primal and
dual feasibility constraints, the complementary slackness
constraints, and the stationary constraints.

The primal feasibility is given by constraints (13)-(21).
In a similar way the dual feasibility is ensured by:

µat , µ
b
t , µ

c
t , µ

d
t , µ

e
t , µ

f
t , µ

g
t ≥ 0, ∀ t ∈ T (22)

Constraint (22) ensures the non-negativity for dual vari-
ables of the primal inequality constraints.

The complementary slackness is given by the following
non-linear equations:

(C − yLt )µat = 0, (Ωt − w+
t )µbt = 0, yHt µ

c
t = 0,

yLt µ
d
t = 0, w+

t µ
e
t = 0, w−t µ

f
t = 0, vtµ

g
t = 0, ∀ t ∈ T

These equations can be transformed into linear con-
straints by using big-M as follows:

C(1− ρat ) ≥ C − yLt , µat ≤Mρat , ∀ t ∈ T (23)

Ωt(1− ρbt) ≥ Ωt − w+
t , µbt ≤Mρbt , ∀ t ∈ T (24)

(Dt + Ωt − C)(1− ρct) ≥ yHt , µct ≤Mρct , ∀ t ∈ T
(25)

C(1− ρdt ) ≥ yLt , µdt ≤Mρdt , ∀ t ∈ T (26)

Ωt(1− ρet ) ≥ w+
t , µet ≤Mρet , ∀ t ∈ T (27)

Dt(1− ρft ) ≥ w−t , µft ≤Mρft , ∀ t ∈ T (28)

(Dt + Ωt)(1− ρgt ) ≥ vt, µgt ≤Mρgt , ∀ t ∈ T (29)

The big-M was replaced in all the constraints that do
not contain dual variables (the ones on the left side), with
upper bounds obtained directly from the structure of the
problem to have a tighter formulation. For example, the
maximum value for the expression C − yLt in constraint
(23), equals C when yLt = 0 since we know that 0 ≤ yLt ≤
C from constraints (15) and (18). Finally the stationary
conditions are:

πHt − λat − λb − µct = 0, ∀ t ∈ T (30)

πLt − λat − λb + µat − µdt = 0, ∀ t ∈ T (31)

Γt + λat + µbt − µet = 0, ∀ t ∈ T (32)

− λat − µ
f
t = 0, ∀ t ∈ T (33)

Υ− λat − λbt − µ
g
t = 0, ∀ t ∈ T (34)

The bilinear terms in the objective function (2) of the
leader’s problem can be linearized by using the strong du-
ality theorem. Equation (35) is the strong duality equation
for the follower.

∑
t∈T

(πHt y
H
t + πLt y

L
t ) +

∑
t∈T

Γtw
+
t +

∑
t∈T

Υvt

=
∑
t∈T

Dtλ
a
t + (

∑
t∈T

Dt)λ
b −

∑
t∈T

Cµat −
∑
t∈T

Ωtµ
b
t (35)

By reorganizing constraint (35) and replacing in (2),
we obtain the new leader’s objective function:

max
[∑
t∈T

Dtλ
a
t + (

∑
t∈T

Dt)λ
b −

∑
t∈T

Cµat −
∑
t∈T

Ωtµ
b
t

−
∑
t∈T

Γtw
+
t −

∑
t∈T

Υvt

]
−

∑
i∈I

∑
t∈T

πGi xit −
∑
t∈T

πRt zt (36)

4. Computational experiments

In this section we present and discuss the numerical re-
sults based on real life data. We first define the parameters
and the instances generation process in Section 4.1. Next,
we discuss the results of the bilevel problem in Section 4.2.

5



Population Competitor Retailer
Instance Total cost Shifting cost Energy cost Income Income Op. cost Profit
S0 100.0 0.0 100.0 100.0 0.0 0.0 0.0
S1,0 97.2 1.9 95.3 7.7 87.6 41.6 46.0
S1,150 97.2 1.9 95.3 7.7 87.6 41.6 46.0
S1,300 97.6 1.9 95.8 7.1 88.6 42.5 46.1
S2,0 99.7 0.0 99.7 16.6 83.1 39.1 44.0
S2,150 97.6 1.1 96.5 11.9 84.6 39.3 45.3
S2,300 97.2 3.4 93.8 0.0 93.8 45.3 48.5

Table 1: Economical performance of the implementation of TLOU.

4.1. Parameters and instances definition

We consider a population of 1000 households. Their
consumption profiles are based on the daily consumption
profiles obtained from the independent system operator in
the province of Ontario, Canada. The resulting demand
profile will be used for all the experiments and it is equiva-
lent to a daily demand of 6.8 MWh. Additionally we define
two flexibility profiles Ωft where f ∈ {1, 2}. This informa-
tion is presented in Figure 2. We see that Ω1

t corresponds
to a population that provides low shifting flexibility, while
Ω2
t corresponds to a population that provides high shifting

flexibility.

1 4 8 12 16 20 24

Hour

0

100

200

300

400

500

k
W

Figure 2: Demand and shifting capabilities

The generation cost πGi : {4, 7, 20} is taken from [24],
assuming that three types of generators are available: nu-
clear, hydro, and gas turbines. The generation capaci-
ties are equal to 150 kW for the two first resources. The
last generation capacity is assumed to be infinite. Fig-
ures 2 to 7 shows these capacities (accumulated) as dot-
ted lines. The retailer’s competitor energy price is 12
¢/kWh. Finally, we consider different TLOU capacities
C = {0, 150, 300}. Note that having a TLOU with C = 0
is equivalent to have the traditional TOU.

4.2. Bilevel optimization results

We report in Table 1 the performance metrics (in dol-
lars) for the 6 instances. The instances are denoted as

Sf,C . The optimization models have 529 continuous vari-
ables, 192 binary variables, 1392 constraints, and are solved
with Gurobi version 8.1 on a computer with 2.3 GHz Intel
Core i5 CPU and 8 GB RAM. The average solution time
is 0.65 seconds.

Table 1 presents the optimal values of the retailer and
the population objective functions. The population’s total
cost (i.e. values of the follower’s objective function) is the
sum of the shifting cost and the energy cost. In a similar
way, The energy cost is the sum of the cost of the energy
bought from the competitor (competitor’s income) and the
cost of energy bought from the retailer (retailer’s income).
Finally, column “Profit” shows the retailer’s profit (i.e.
the value of the leader’s objective function) which is the
retailer’s income minus the operational cost.

We use as reference the case in which the population
must buy all the electricity from the competitor. In this
case, the population pays the flat rate offered by the com-
petitor, generating no shifting and the retailer has no par-
ticipation. This instance is denoted as S0 and its total
cost is set to be equivalent to $ 100. The results of the
other instances were normalized accordingly.

We start the analysis with the population Ω1 with low
shifting flexibility. Increasing the capacity of TLOU does
not have significant changes in the performance of the re-
tailer and the population. More precisely, we observe the
same TOU structure in instances S1,0 and S1,150 regard-
less of the increase of C. Although instance S1,150 includes
the possibility of having TLOU, the optimal decision is
to offer a traditional TOU (πLt = πHt , ∀ t ∈ T ). Fig-
ure 3 shows for S1,150, the shifting effect during the first
hours of the day, where the energy bought from the retailer
(yLt + yHt ) increases up to the shifting flexibility (Dt + Ω1

t )
as reaction to cheaper energy prices. These cheaper prices
are offered as compensation during the time frames when
the users have higher shifting cost Γt.

Let πL(t,t′) and πH(t,t′) be the optimal energy prices in

the time window starting at time frame t until t′. The
difference between πH(1,6) and πH(7,24) corresponds to the
maximum value of Γt in the time frames 1 to 6. This
encourages shifting towards this segment of the day since
πH(1,6) + Γt ≤ πH(7,24),∀ t ∈ {1, . . . , 6}. This analysis can
be easily extended for the other instances.
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Figure 3: Results for instance S1,150.

The retailer’s competitor provides energy during the
evening peak. This occurs because the retailer can not
match the competitor’s price when the third generation
level is required (dotted line, > 300kW ). Note that the
highest optimal price obtained equals the price offered by
the competitor (12 ¢/kWh).

For instance S1,300, TLOU has a marginal effect on the
results (Figure 4).
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Figure 4: Results for instance S1,300.

The retailer price πL(6,9) is slightly cheaper than πH(6,9).

In this case πL(6,9) + Γt ≤ πH(6,9) ∀ t ∈ {6, . . . , 9}.
We observe in Figure 4 a slightly increase of consump-

tion in t = 8 with respect to previous instances. This addi-
tional shifting allows the retailer to serve a higher propor-
tion of demand. The amount of energy provided by the
competitor decreases for this instance. The price πH(1,5)
has no effect in the results since Dt + Ω1

t < C, ∀ t ∈
{1, . . . , 5}.

The lack of shifting flexibility reduces the potential im-
pact of TLOU for the population Ω1. The shifting effect
on the generation side is bounded by the proper popula-
tion shifting which allows the retailer to obtain the best
performance with traditional TOU in two our of three

cases. Nevertheless, our approach finds the most appropri-
ate price structure allowing the retailer to capture most of
the demand and the population to reduce the energy bill
in about 4%.

Let us now comment the results for population Ω2 with
high shifting flexibility (Figures 5 to 7).
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Figure 5: Results for instance S2,0.

For instance S2,0 (Figure 5) a significant fraction of
the demand is satisfied by the retailer’s competitor. In
this case, the high shifting flexibility combined with C = 0
results into a very conservative decision by the retailer who
offers a very small price incentive in the first time frames.
There is consumption increase as result of shifting only in
t = 6. Any larger incentive will result in a rebound peak
reaching the population shifting limit and worsening the
economical performance of the retailer.

The equality πH(1,6)+Γ6 = πH(7,24) encourages shifting to-
wards t = 6 since Γ6 is the lowest value in the time frames
1 to 6. Therefore, shifting makes no sense for the periods
1 to 5. This is a strict equality due to the optimistic fea-
ture previously explain in Section 3.2.2 . If both options
(shifting or not) are equally good for the population, the
model will always favor the leader (i.e. the retailer).

Table 1 shows that S2,0 reports the lowest profit for
the retailer and the highest total cost for the population.
In fact, the total user cost is almost equal to the bound
defined in the reference case.

The results for instance S2,150 (Figure 6) show the ef-
fect of TLOU. The retailer offers TLOU prices in the time
frames 1 to 6. The price πL(1,6) encourages population to

consume electricity until reaching C. Then πH(1,6) performs
as a penalty for consumption higher than C. The popula-
tion only pays πHt in t = 6.

We can see that πL(1,6)+Γt <= πH(7,24)∀ t ∈ {1, . . . , 6}.
In a similar way, πH(1,6)+Γ6 = πH(7,24). The later one encour-
ages consumption beyond C only in t = 6 during the time
window (1,6). This occurs since Γ6 is the lowest shifting
cost in the time window.

As shown in Table 1, for instance S2,150 the prices de-
fined for the TLOU by our approach report benefits for
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Figure 6: Results for instance S2,150.

both parties. First, the retailer captures a higher fraction
of the demand (competitor only makes $11.9) which results
in a higher profit. Second, the population is rewarded in
a more effective way (total cost of $97.6) which leads to a
higher shifting ($1.1).
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Figure 7: Results for instance S2,300.

Finally Figure 7 puts into highlight the effect of TLOU
for instance S2,300. In this case C = 300 allows the re-
tailer to satisfies completely the population demand. The
retailer offers two different lower prices πL(1,5) and πL(6,9).

Once again πL(1,5) + Γt ≤ πH(6,24) ∀ t ∈ {1, . . . , 5} and

πL(6,9) + Γt ≤ πH(6,24) ∀ t ∈ {6, . . . , 9}, which encour-
age shifting up to C in the first part of the day. On the
other hand, πH(1,5) + Γt ≥ πL(6,9) and πH(1,5) + Γt ≥ πH(6,24)
∀ t ∈ {1, . . . , 5} since no consumption in the higher level
is desired by the retailer in the time frames 1 to 5.

For instance S2,300 the optimal TLOU prices achieve
the highest performance for both retailer and population.
The retailer obtains profit of $48.5 which represents an
increase of about 10% with respect to instance S2,0. On
the other hand, the population obtains an energy cost of
$93.8 which represents a reduction of 6.2% with respect to
S0.

In the previous experiments the TLOU were defined
to mach directly the generation capacities of the retailer.
Figure 8 presents the profits for a population S2,C where
C changes from 0 to 500 with a step ∆C = 25.
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Figure 8: Results for S2,C with different TLOU capacities.

The maximum profit is reached for C = 275. We see
the same cost in lower and higher capacities. Having insuf-
ficient capacity is equivalent to having a capacity greater
than the highest possible shifting. In both cases the op-
timal decision is to implement a TOU or a flat rate. The
ideal capacity limit should encourage enough shifting while
keeping track of the total generation costs. This is not a
trivial task since many factors must be considered such
as the demand curve, shifting limits, and generation ca-
pacities. Although in this article C is considered as a
parameter, we consider that in future work it must be
included as an optimization variable. This will rise some
non-linearities in the optimization problem that will have
to be properly handled.

5. Conclusions

We have presented a new framework that allows the
energy retailer to profit from a TLOU price structure in
a smart grid context while generating savings for the con-
sumers.

We formulated a bilevel optimization problem in which
the retailer seeks to set TLOU energy prices to maximize
the profit considering the shifting activities of a population
that minimizes the total cost. The model considered the
users level of consumption and their shifting preferences
in the definition of the price structure. This optimiza-
tion problem is reformulated as a single-level problem and
solved by off-the-shelf solvers.

The use of this pricing scheme allows the retailer to im-
prove the profit, encouraging the consumers to shift in a
smarter way. This effect is more significant when the pop-
ulation is willing to shift more load, since TLOU controls
rebound peaks and generates more homogeneous consump-
tion profiles.

We have provided several instances to validate and an-
alyze the performance of the implementation of this type
of DR program. In instances of a population with lower
shifting flexibility, TLOU does not report significant im-
pact on the retailer’s and the population performance. In
fact, in some cases the optimal decision is to implement a

8



TOU structure. On the other hand, TLOU shows a signif-
icant improvement for both retailer and population when
the population is willing to provide more shifting flexibil-
ity. In this case, the retailer profits from a more efficient
operation of the system and is able to better incentivize
the population, who in return shifts load in a smarter way.

A sensitive component of TLOU is the power capacity
limit that draws the difference between the lower and the
higher prices. Future work will include the parameter C
as a variable, as well as multiple end-users that behave in
a different way (multiple followers) and the incertitude in
the shifting reaction to prices.
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