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Abstract—This paper models a novel demand response (DR) 

trading strategy. In this model, the DR aggregator obtains the 

DR from the end-users via two types of DR programs, i.e. a time-

of-use (TOU) program and an incentive-based DR program. 

Then, it offers this DR to the wholesale market.  Three consumer 

sectors, namely residential, commercial and industrial, are 

included in this problem. The DR program is dependent on their 

corresponding load profiles during the studied time horizon. This 

paper uses a mixed-integer linear programming (MILP) problem 

and it is solved using the CPLEX solver through a stochastic 

programming approach in GAMS. The risk measure chosen to 

represent the load uncertainty of the users who are participating 

in the DR program is Conditional Value-at-Risk (CVaR). The 

proposed problem is simulated and assessed through a case study 

of a test system. The results indicate that the industrial loads play 

a major role in the power system and this directly affects the DR 

program. Moreover, the risk-averse decision-maker in this 

model favors a reduced participation in the DR programs when 

compared to a decision-maker who is risk-neutral, since the risk-

averse decision maker prefers to be more secure against  

uncertainties. In other words, an increase in risk factor results in 

a decrease in the participation rate of the consumers in DR 

programs. 

Keywords—Conditional Value at Risk (CVaR), Demand 

response, DR aggregator, Stochastic programming, Risk 

management, Time-of-use (TOU). 

NOMENCLATURE 

Indices  

t  Time 

j  Incentive-based DR step 

p Period 

c  Consumer � Scenarios 

Parameters 

D0(c,t) Initial demand [MW] 
E(c,t,p) Elasticity matrix ����, �� Initial price [€/MWh] ���, �� TOU price [€/MWh] 

ρ The confidence level 

	
��
��� Load reduction step in the incentive-
based DR [MW] �
��
��� Incentive step in the incentive-based DR 
[€/MWh] 	���, �� Load participation factor  

Variables 
 

β The risk factor 	������ TOU volume [MW]  	����� Traded power in DA market  [MW] �  Auxiliary variable for CVaR calculation 

 ���� Auxiliary variable for CVaR calculation 

Binary Variables ���
��� Step in the incentive-based DR   

I. INTRODUCTION 

Demand response (DR) programs have the potential to 
provide flexibility and increase reliability, as well as reducing 
emissions caused by power generation. The primary objective 
of a DR program is to reduce the strain on the power system 
when there is a high demand or peak periods through altering 
the energy consumption of the users.  

Due to the low amount of DR resource of most consumers, 
especially concerning commercial and residential users, these 
consumers are not allowed to trade DR at a wholesale market 
level. A DR aggregator combines the offers of these smaller 
users to participate in wholesale markets. The aggregation, 
optimization, and operation of DR from the consumers who 
choose to participate in the DR programs is then the 
responsibility of the DR aggregator [1].  

The DR aggregator participates in electricity markets and 
reschedules the consumption patterns of the consumers to 
maximize the profit obtained from participating in the DR 
programs or minimizing the total cost of energy consumption 
through DR employment. DR programs are now playing an 
important role not only in the electricity markets but also in 
heating and gas markets thus, DR programs are being 
increasingly used in multi-energy systems. This may increase 
the profit of the aggregator and provide more flexibility to the 
consumers [2].  
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A DR model needs to take into account different types of 
electricity users. There are three main types of consumers in 
the recent DR models, i.e. residential, commercial and 
industrial consumers. F. Pallonetto et. al implemented various 
DR algorithms for the residential sector through implementing 
machine learning models  [3]. The effectiveness of this model 
in the presence of DR is demonstrated in a test-bed in Ireland 
using two DR algorithms, a rule-based algorithm and a 
machine learning-based model both under different time-of-
use (TOU) tariffs.  

Another model in the residential sector of a microgrid is 
proposed in [4] where a DR program using a hybrid price-
based approach which considers uncertainties related to the 
decision variables. Moreover, there are some models which are 
more comprehensive from the type of consumers’ point of 
view. For instance, Ref. [5] considered three types of 
consumers participating in the DR program to make the model 
more realistic and applicable. In this model, the decision 
maker’s behavior is studied in a risk-taking approach. 
Information-gap decision theory was used as the measure of 
risk. The model’s main objective was to guarantee that the 
profit of the aggregator will not be less than a target profit if 
the uncertain parameter’s observed values are in a certain 
range. To make the proposed model more comprehensive, we 
use load profiles representing residential, commercial and 
industrial consumers. 

In addition, the DR model is classified into either price-
based DR programs or incentive-based DR programs [1]. In 
incentive-based programs, the participants receive rewards if 
they reduce their energy usage during peak periods. As an 
example, Ref. [6] developed a real-time incentive-based DR 
program considering a combination of a deep neural network 
and reinforcement learning. Alternatively, price-based DR 
programs rely on consumers being charged according to 
various tariffs levels at different periods.  

For instance, in Ref. [7], an optimization problem is 
developed through the modeling a price-based DR program 
with game theory. The commercial sector is analyzed in this 
problem. By considering both types of DR programs, the 
model becomes more flexible. To this end, in this work, the 
two types of DR programs, price-based and incentive-based, 
are considered. 

Several types of uncertainties could be considered as the 
uncertain parameter used to analyze the behavior of the 
optimization models in the DR area. Stochastic programming 
is an extremely popular method in this area. An optimization 
model is proposed in Ref. [8] using a risk-averse CVaR 
approach. Stochastic CVaR strategies are also used to address 
the uncertainties in a probabilistic manner and considering 
several aspects of the DR in a microgrid in Ref. [9], [10]. 

The study of consumer’s behavior by considering their load 
availability is the main novel contribution of this work. This 
analysis can improve the aggregators trading actions in the 
wholesale electricity markets with the aim to maximize its 
profit. To this end, stochastic programming through the CVaR 
approach is employed in this model to mitigate load risk. Also, 
load uncertainty is taken into account through the participation 
factor of the end-users who are enrolled in the DR program 
through various scenarios.  

The rest of the paper is as follows: the problem formulation 
is given in Section II. Then, Section III demonstrates the 
experimental results. Finally, the conclusions from the model’s 
main findings presented in the last section. 

II. PROBLEM FORMULATION 

Fig. 1 illustrates the proposed stochastic programming 
model. and according to this figure, in the down-side of the 
aggregator, there are the residential, commercial and industrial 
consumers who participate in the DR programs through two 
programs: incentive-based DR program and TOU program.  

The acquired DR could be traded in the day-ahead (DA) 
market through the aggregator. Energy flows from consumers 
to the DA market during peak periods and from the DA to 
consumers in off-peak periods. 

In this paper, the load availability is considered as the 
uncertain parameter and CVaR is chosen as the risk measure to 
analyze the risk-averse decision-maker’s behavior within the 
wholesale market. 

A. Day-Ahead market 

In this paper, DR is being traded with the day-ahead (DA) 
market. Note that the DR aggregator is assumed to participate 
in electricity markets similar to other market players such as 
generators, in which they are responsible for their offers.  

B. Time-of-Use program 

TOU is one of the most popular price-based DR programs. 
According to this program, each period contains its specific 
energy usage tariffs that consumers reschedule their energy 
consumption considering these tariffs.  

  

Fig. 1.  The traded amount of energy in the DA market. 



 

Elasticity matrix plays an important role in the TOU 

program, i.e. ���, �, ��. TOU program is modelled through 
equation (1) as follows: 

 	������
= � ����, �� � ���, �, �� ����, �� − ����, ������, �� � , ∀� 

!"#
$

%"#  
(1) 

C. Incentive-based DR program 

The incentive-based DR program used in this paper is 
described in the equations (2)-(6). According to these model, 

amount of DR is cleared in (2) for each hour. 	���, �� 
indicates scenarios of consumers’ participation in this DR 
program which is a number from 0 to 1. The incentive value 
is shown in (3) which is limited through (4). Thus, (5) 
indicates that in each hour, only one step can be chosen by the 
consumer which explained more in detail in [11].   
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D. The proposed trading model of DR Aggregator 

In the problem formulation, the objective function is the 
maximization of the DR aggregator’s profit. The objective 
function initial term is the revenue from trading DR in the DA 
market. Thus, the second term refers to the cost that is due to 
the reward that aggregator has to give to the consumers due to 
their participation in incentive-based DR program. Finally, the 
last term indicates the CVaR value. The proposed DR trading 
framework is presented as follows: 
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subject to: 

	����� = 	�
��� +  	������  , ∀� (8) 

TOU program constraint (1) (9) 

Reward-based program constraints (2) – (6) (10) 
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���� ≥ 0 (12) 

It should be noted that the risk factor (β) is used as a 
weighting term for the CVaR calculation. The probability of 

each scenario ω is indicated by &���. The decision variables 

are 	��, 	��� , 	�
 .  The CVaR calculation also requires two 

auxiliary variables which are � and ����. The confidence 

level of the program is given by > that is set at 0.95. Moreover, 
the risk-factor is utilized as a trade-off between the risk value 
and the corresponding expected profit. A risk-averse 
aggregator who seeks to minimize the risk will choose larger 
values for the risk-factor. Conversely, a more risk-seeking 
decision-maker tends to select a risk factor closer to 0 to 
increase profits. Equation (8) represents the balancing 
constraint of the considered model. The amount of the power 
traded within the DA market should be equivalent to the DR 
obtained from the consumers through DR programs at each 
hour. Constraints (11) and (12) are the CVaR constraints that 
are necessary for calculating CVaR in the stochastic 
programming model. As mentioned before, stochastic 
programming through the use of the CVaR method is 
proposed to model the uncertainty. The chosen uncertain 
parameter for the incentive-based program is the load 
participation factor. Note that it is assumed that the number of 
scenarios of the participation level of consumers is randomly 

generated, i.e., 	���, ��. Maximizing the aggregator’s total 
profit is the objective of this stochastic problem while 
satisfying the requirements. This approach is a stochastic 
strategy for risk-averse decision-makers. 

III. CASE STUDY 

A. Data Preparation 

According to the problem formulation, it is shown that the 
problem is a mixed-integer linear program (MILP). CPLEX 
solver is used in GAMS environment to find the optimal 
solution on a PC with the following calculation specifications: 
6 GB RAM and 2.43GHz of CPU speed. It took about 7 
seconds to find the optimal solution. 

Fig. 2 illustrates the load profiles of consumers. As 
depicted in this figure, the day can be divided into two periods, 
i.e., P=2 considering the electricity consumption pattern, i.e. 
peak and off-peak. For residential and commercial consumers, 
the peak period is selected from 09:00 to 22:00 and from 23:00 
to 08:00 is considered as off-peak period. However, the load 
profile for the industrial sector is quite different than in other 
sectors.  



 

As it is shown in Fig. 2, the peak period starts from 8:00 
and ends in 18:00. Therefore, these hours can be chosen as the 
peak period and from 19:00 to 7:00 is for the off-peak period. 

In addition, the trading method is chosen in a way that 
energy flows from the end-users towards the DA electricity 
market during peak periods while during the off-peak periods, 
the energy flow is from the DA market to the end-users.  

 
(a) 

 
(b) 

 
(c) 

Fig. 2. Daily demand profile of the test system for 24 hours for  
(a) residential, (b) commercial and (c) industrial consumers. 

This means that the aggregator encourages a consumer to 
decrease their consumption during peak period to trade the 
required DR in the DA market. Then, motivating them to 
consume more in the off-peak period. The DR programs that 
are employed are discussed in the previous section. Table I 
indicates the elasticity matrix data for the TOU program that 
is obtained from Ref. [12]. The DA market prices are selected 
from OMEL for Portugal. The incentive-based DR program 
contains 25 steps for each sector. Moreover, 20 scenarios are 
randomly generated to investigate the effects of the 
consumer’s load participation factor in the incentive-based 
DR program.  

B. Results 

The load uncertainty is accounted for in this model through 

the participation factor 	���, �� used for the incentive-based 
DR program. The risk-averse strategy is investigated through 
stochastic programming. To do this, the results of selected risk 
factors are illustrated, i.e. β = {0, 0.25, 0.50, 0.75, 1} in Fig. 
3. Risk neutral behavior is seen when β =0, and when β =0, 
the uncertain parameter is not considered. Hence, the results 
of the model equate the aggregator’s profit to be € 203,113. 

Fig. 3. shows the calculated values of CVaR for different 
correlating expected profits. When the CVaR increases, the 
aggregator becomes more risk-averse and at the same time the 
expected profit decreases. In other words, the more risk-averse 
the decision-maker becomes the lower the expected profit 
becomes. To illustrate more detail of the impact of the 
stochastic model, two risk factors are considered, i.e. β = {0, 
1}. As stated before, β =0 is for the risk-neutral aggregator and 
as the risk factor increases, the risk-averseness of the program 
increase as well. 

TABLE I: MATRIX OF THE ELASTICITY  

 Peak  Off-Peak  

Residential 
Peak  -0.3  0.1  

Off Peak  0.04  -0.06  

Commercial 
Peak  -0.32 0.12  

Off Peak  0.06  -0.08  

Industrial 
Peak  -0.4  0.2  

Off peak  0.14  -0.16  

 

Fig. 3.  The expected profit values for different CVaR points. 
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The behavior after the implementation of the TOU 
program is illustrated in the subplots of Fig. 4. In Fig. 4(a) the 
TOU tariffs for the residential and commercial sectors are 
shown. And (b) depicts the amount of power for the industrial 
sector. According to this, the results show that during the off-
peak period, the demand is increase around 20 kW for the 
residential and commercial consumers if the TOU program 
being employed. In the other side, the electricity usage is 
decreased around 60 kW for residential and 40 kW for the 
commercial sector if the TOU program is implemented. These 
values for the industrial sector are 250 kW for the off-peak 
period and 750 kW for the peak period. 

Fig. 5 depicts the reduced amount of energy due to the use 
of the incentive-based DR program for two cases. For the case 
of β =0, the amount of DR is higher compared to the amount 
of energy in the risk-averse mode. The magnitude of this 

difference is clear when < = 1 because the risk-averse 
aggregator is more conservative compared to the risk-neutral 
one. Since the risk-neutral decision-maker seeks to maximize 
its profit without consideration of the risk factor.   

Fig. 6 shows the DA power profile that the aggregator is 
going to trade for both the risk-neutral and risk-averse cases. 
From the figure, the quantity of offered energy in the DA 
market decreases significantly at 18:00.  

 
(a) 

 
(b) 

Fig. 4.  Results of TOU program implementation. 

 

Fig. 5.  Reduced amount of energy due to the employment of the reward-based 
DR program.    

 

Fig. 6.  The traded amount of energy in the DA market. 

 

The main reason for this decrease is the industrial 
consumers. Since the peak period for the industrial consumers 
ends at 18:00 the values shown in this figure is the net amount 
of available DR for the aggregator to be offered in the DA 
market. This indicates that industrial loads play a major role 
within the power system and directly affects the DR available. 

IV. CONCLUSIONS 

A risk-averse decision-maker seeks to make its operation 
more secure against the uncertain parameter. To this end, 
CVaR stochastic programming is one of the popular 
approaches to handle the expectations of the risk-averse DR 
aggregator. Two DR programs in the consumer side have been 
modeled in this paper and in the energy pool side, DA 
electricity market was included as well. Load availability was 
assumed as the uncertain parameter in this model, since the 
aggregator cannot forecast the exact scheduled DR obtained 
from the participants due to the uncertain behavior of the 
consumers in load consumption. The results showed that 
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amount of available DR from the industrial sector is much 
greater than the residential and commercial sectors. Therefore, 
the impact of the industrial sector in the optimization problem 
was higher than the others. Moreover, as the aggregator 
becomes more risk-averse, results showed that it reduced the 
amount of energy traded in the day-ahead market, as a 
safeguard to prevent economic losses. As an extension of this 
work, reserve markets and balancing markets can also be 
included in the energy pool to make the wholesale market 
more comprehensive.  
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