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Abstract—Consumer acceptance is a must-have for deploying
and managing successful demand response systems. Yet, recent
research trends favor automated solutions that consider end
consumers as passive agents. This paper explores the notion of
considering consumers as active agents that interfere with the
optimal plan of a demand response system. We simulate an energy
community by implementing a state-of-the-art demand response
system. Active consumers are modeled to be inflexible using multi-
criteria decision-making methods. Results show that the greater
the number of inflexible consumers, the greater the impact on
the shape of the community’s aggregate demand profile. Further
studies should consider the impact of this cost and inflexible
consumers in their numerical analysis.

Index Terms—demand response, load management, smart grid,
energy community, active consumer

I. INTRODUCTION

The concept of demand-side management (DSM) is analo-
gous to the management of generation resources. Traditionally,
electric utilities need to adjust their generation resources to
demand forecasts [1]. In contrast, DSM is a set of measures
implemented by utility companies with the intention of chang-
ing the load-shape of end consumers [2]. Examples of such
measures would be rewarding consumers who keep their energy
consumption under a threshold [3], raising awareness on how
the energy is consumed [4], or consumers who upgrade their
appliances for more efficient models. Thus, DSM allows the
demand to be viewed as a manageable resource in a similar
way to generation resources.

The impacts of demand-side management promise to affect
entities beyond just utilities. By aiding utilities to balance
supply and demand, DSM’s main benefits are improving
the efficiency of generation resources, delaying the need for
infrastructure investments, and reducing overall operational
costs [5]. In turn, this can lower the cost of electricity in
wholesale markets, leading to higher retailer profits, and
potentially reducing energy expenses for end consumers [6]. In
short, the successful implementation of DSM benefits entities
from the utility level to the end-consumer level.

Utilities typically introduce consumers to demand-side
management through demand response (DR) programs. Within
DR programs, end consumers are able to make informed
decisions regarding their energy consumption habits, and play
an important role in demand management [2]. For example,
some programs offer time-varying rates to encourage off-peak
consumption. Such programs are the alternative to traditional
energy market models in which prices are fixed during the
day [7]. Therefore, it is important to motivate consumers to
participate in DR programs.

Nowadays, the dominant discourse in home energy manage-
ment (HEM) systems research revolves around technological
solutions [8]. Many solutions consider consumers as passive
agents rather than active participants in the demand response
process. However, this trend has been criticized by social sci-
ence and humanity researchers [9], reinforcing the importance
of considering human behavior with respect to DR systems.
In addition, ignoring the disruptive nature of autonomous DR
systems has been shown to be one of the main barriers to their
adoption by residential consumers [10]. As the success of any
DR program depends on consumer participation, further studies
should consider the possibility of active consumer interference
to the operating of demand response systems.

To bridge this gap, this study assigns an active role to
end consumers and investigates the implications of consumer
inflexibility on the operation of a demand response system.
We achieve this by simulating an energy community based
on a state-of-the-art DR system introduced in [11]. The main
research question we want to answer is “How do inflexible
consumers impact the aggregate demand profile of an energy
community?” We hypothesize that inflexible consumers will
negatively impact the shape of the demand profile.

The remainder of this paper is organized as follows. Sec-
tion II gives a brief overview of HEM systems research and
related work. Section III details the experimental design used
in this study. Numerical simulation results are presented in
Section IV, and final considerations in Section V.
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II. BACKGROUND

Recent demand response studies introduce increasingly
sophisticated solutions targeted at the residential sector through
HEM systems. Still, it is common to find solutions that
abstract from the human side and disregard the possibility
of consumer interference [8]. For example, [12] proposes an
approach that minimizes the consumption cost minus the utility
and the cost of consumer dissatisfaction. Although individual
consumer preferences are translated in the form of utility and
dissatisfaction factors, the energy management systems require
consumers to passively accept the optimal demand schedules
to attain any benefits from the DR program. Some studies
develop HEM systems with consumption preference models for
residential consumers to minimize dissatisfaction. Reference
[13] proposes a bi-level mixed-integer linear programming
(MILP) model to schedule microgrid loads considering flexible
appliances, distributed energy resource, and the grid stability.
The approach considered consumers’ preferences regarding
usage schedule, uninterrupted consumption patterns, and de-
pendency relationship between different appliances in multiple
uncertain scenarios, however it does not consider the possibility
of consumers rejecting the proposed load schedules. In [14],
consumer preferences are obtained using non-intrusive load
monitoring and the load scheduling problem considers two
conflicting objectives through a Pareto optimization technique.
This approach allows automatic collection of consumption
patterns and the possibility of customizing load schedules
within specific time intervals, however the preference model
did not investigate the effects of dealing with dynamic pricing
and multiple energy sources. In a similar fashion, [11] model
a multi-objective problem with conflicting objectives, and
solve it with a Pareto optimization technique. Their bi-level
approach does consider dynamic pricing, multiple energy
sources and customizable consumption preferences for distinct
time intervals, but does not allow inflexible consumers to reject
the final solutions imposed by the energy service provider.

Some studies present efforts to understand and address the
disruptive nature of residential consumers. In [15], the proposed
approach focuses on the consumer’s quality of experience
and uses subjective quality metrics to understand consumer
satisfaction with respect to the proposed load schedules. Their
approach uses a greedy scheduling approach that allows
consumers to reject the appliance uses suggested by the
system. The authors in [16] present a HEM system capable of
responding to interference to optimal load schedules through
real-time monitoring. In [17], a simulation of human agents
consider social science theories to assess their behavior and
role in the diffusion of the acceptance of DR systems. These
studies highlight that consumers are the core entities of demand
response systems and that the acceptance of optimal results
from autonomous systems should not be relied upon without a
fallback. Motivated by these efforts, the present study aims to
investigate the effect of inflexible consumers on the DR system
of the state of the art solution described in [11].

III. METHOD

The purpose of this experiment is to analyze the impact
of active consumers on the final result of the DR system
introduced in [11]. This system’s model is briefly described
in Section III-A, followed by the active consumer model
in Section III-B. Here we define active consumers as those
whose actions diverge from the ideal behavior expected by the
system. Active consumers are unwilling to leave the choice of
their load scheduling up to the energy service provider, thus
choosing a solution by themselves. We believe it is important
to investigate these scenarios because consumers tend to reject
disruptive technologies in their residential environments [8].
The experiment hypothesis is presented in Section III-C, and
the procedure steps are detailed in Section III-D.

A. System model

Reference [11] introduces a bi-level integer linear program-
ming problem. At the first level, residential energy management
systems generate optimized load schedules with respect to two
conflicting objectives, minimizing the cost of consumption and
minimizing the discomfort of consumption changes. Eqs. (1)
and (2) summarize these two functions respectively.

Cost =
∑
t

∑
a

(λa,t − rt) (1)

In Eq. (1), λa,t represents the cost using appliance a at a
time slot t, and rt represents the revenue from selling energy
from distributed energy resources.

Discomfort =
∑
a

∑
w

∑
t

(
λwa,tδa,t

)
(2)

In Eq. (2), λwa,t denotes the cost, in terms of consumer
discomfort, of changing the programming of an appliance at a
given time window w, and δa,t is a binary variable indicating
whether a schedule change has happened for an appliance a at
a time slot t.

The results of the first level are the sets of non-dominated
solutions of each consumer. The energy management systems
then report these solutions to the energy service provider as
demand profiles. This marks the beginning of the second level,
in which the ESP optimizes the shape of the aggregate demand
profile by minimizing the ratio between peak and average
demand, or peak-to-average ratio (PAR) [18]:

PAR =
T maxt Lt∑

t Lt
(3)

In Eq. (3), T represents the total amount of time slots and
Lt is the aggregate demand at a time slot t. The end result
is the information on which solution from each consumer is
most beneficial to the energy community as a whole.

B. Active consumer model

Here, active consumers behave as inflexible users because
they do not report a set of equally desirable demand profiles to
the ESP. Inflexible consumers should still report their demand
profiles to the DR system, since these profiles contribute to the

Authorized licensed use limited to: Miami University Libraries. Downloaded on August 26,2022 at 23:03:39 UTC from IEEE Xplore.  Restrictions apply. 



aggregate demand profile of the community. In other words,
the second level of the DR system works in the same way as
before, albeit with inflexible consumers offering only a single
demand profile option.

To simulate the decision-making process of the inflexible
consumers, we chose to use the technique for order of
preference by similarity to ideal solution (TOPSIS) [19]. The
motivation for this choice is the fact that the solutions of the
load scheduling problem are non-dominated, belonging to a
Pareto set. In other words, no solution is superior to the others
considering all values of the objective functions. Therefore,
selecting a solution from this set constitutes a multiple-criteria
decision-making (MCDM) problem. For an active consumer, the
criteria characterizing a solution are its own objective function
output values from the local optimization problem, that is,
the energy consumption cost and load scheduling discomfort.
TOPSIS is a hierarchical and compensatory method able to
handle decision-making problems with two cost criteria, which
fits our use case.

In order to use TOPSIS, we need to define how each criteria
is weighed to reflect the preferences of a given consumer. To
represent preferences, we generate random numbers between 0
and 1. More precisely, the weights of the two criteria, cost and
discomfort, are obtained from a single random value drawn
from a given distribution X ∼ G. For example, given a random
value X = 0.7, the weight of the discomfort criterion would
be 0.7 (wdisc = X), and the weight of the cost criterion would
be 0.3 (wcost = 1− wdisc).

C. Hypothesis

We hypothesize that the interference of inflexible consumers
on the DR system will negatively impact the quality of the
aggregate load profile of the energy community participating
in the DR program. Here, we define balanced load profiles as
a good quality, hence we use the PAR as the quality metric
(See Eq. (3)). The null and alternative hypothesis below are
formulated.

Null hypothesis (H0): µ ≤ µ0 (4a)
Alternative hypothesis (HA): µ > µ0 (4b)

In Eq. (4), µ is the average PAR from a sample gathered
from a given community. The symbol µ0 represents the PAR
of the same community in the ideal scenario in which all
consumers are collaborating with the DR system. The critical
value or level of significance chosen equals α = 0.001. We
believe these hypotheses will help us assess whether inflexible
consumers impact the shape of the aggregate demand profile.

D. Procedure steps

To perform this experiment, we generate an energy com-
munity with 100 consumers, each with 100 feasible solutions,
based on the parameters and procedures described in [11]. The
planning horizon was equal to 24 hours, and the size of the
time slots used by the algorithm was 1 hour. In this way, we
can compare the PAR results with the ideal scenario in which
all consumers are flexible. Hereafter we denote this scenario as

edge case A. A second edge case, edge case B, would happen
when all consumers are inflexible. In this scenario, the global
optimization process is not performed because there is only
one possible aggregate load profile. The scenarios of interest
lie between these two edge cases, that is, when there are at
least one and at most 99 inflexible consumers.

To observe the change in PAR with respect to the number of
inflexible consumers, we divide the community of consumers
into three quartiles. Since each consumer represents a unique
individual with different solutions and preferences, determining
which consumers play the role of inflexible needs to be
unbiased. We decided to assign the role of inflexible to
consumers randomly and uniformly so that all of them have
equal odds. This process is sampled 100 times at each quartile.

To observe how consumer preferences affect the final PAR,
we use three Beta distributions from which the weights of
all consumer criteria will be obtained. Fig. 1 illustrates the
three probability density functions corresponding to the beta
distributions used. For each sample, inflexible consumers
will choose one preferred solution thrice, once with each
distribution.

0 0.2 0.4 0.6 0.8 1
0

2

4

6 βp

βs

βn

Fig. 1. Probability density functions to model consumer preferences.

In Fig. 1, the leftmost function βp = Beta(2, 15) is positively
skewed to model consumers who prefer more economical solu-
tions. The center-most function βs = Beta(30, 30) is symmetric
and models consumers with balanced preferences between cost
and discomfort. The rightmost function βn = Beta(15, 2) is
negatively skewed to model consumers who tend to prefer
more comfortable solutions.

IV. RESULTS AND DISCUSSION

Tables I, II and III summarize the PARs results of all
samples at each respective quartile. Each table includes the
sample’s mean, standard deviation, minimum and maximum
value statistics. The Beta distributions (see Fig. 1) used by the
inflexible consumers separate the PAR results.

One can see a similarity between the values of the statistics
for the βs and βn distributions in Table I. On the other hand,
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TABLE I
SUMMARY OF PAR IN THE FIRST QUARTILE SAMPLING.

βp βs βn

Mean 2.21 2.33 2.33
Std 0.01 0.02 0.02
Min 2.17 2.29 2.29
Max 2.24 2.39 2.39

the lowest average PAR among all quartiles was achieved
in the first quartile with the βp distribution. This is the first
indication that fewer inflexible consumers benefit the PAR
of the community, and that the economical solutions from
this problem instance are more diverse than the comfortable
solutions.

TABLE II
SUMMARY OF PAR IN THE SECOND QUARTILE SAMPLING.

βp βs βn

Mean 2.33 2.62 2.62
Std 0.03 0.02 0.02
Min 2.28 2.54 2.55
Max 2.39 2.68 2.67

TABLE III
SUMMARY OF PAR IN THE THIRD QUARTILE SAMPLING.

βp βs βn

Mean 2.48 2.91 2.92
Std 0.03 0.02 0.02
Min 2.42 2.83 2.83
Max 2.58 2.96 2.96

In Tables II and III we see the PAR growing on average
with the increase in inflexible consumers. Again the βs and
βn distributions show worse results than βp, with the worst
result among all quartiles being achieved in the third quartile
with the βn distribution.

For comparison, we show in Table IV the summary results
in the edge case B, in which all consumers are inflexible. As
previously discussed in Section III-D, this case does not require
a second optimization step since there is only one possible
aggregate profile. As expected, these results show the largest
PARs thus far.

TABLE IV
SUMMARY OF PAR WITH ONLY INFLEXIBLE CONSUMERS.

βp βs βn

Mean 2.68 3.18 3.18
Std 0.04 0.00 0.00
Min 2.60 3.17 3.18
Max 2.78 3.19 3.18

In all quartiles, it is noticeable that the βp distribution
represents the most diverse consumers, and the βn distribution
the least diverse. On average, the PAR of consumers simulated

with the βp distribution was 11.91% lower than the results
from the βn distribution.

The box and whisker plots in Figs. 2, 3 and 4 further
illustrates the differences between the samples. Each figure
summarizes the samples from a single Beta distribution, with
a box for each quartile.

1st quartile 2nd quartile 3rd quartile

2.2

2.3

2.4

2.5

2.6

PA
R

Fig. 2. Box and whisker plot of samples with the βp distribution.

In Fig. 2, we can see that data dispersion seems to increase
at each quartile. It is possible to see a relationship between
the increase in the number of inflexible consumers and the
increase in PAR.

1st quartile 2nd quartile 3rd quartile

2.4

2.6

2.8

3
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R

Fig. 3. Box and whisker plot of samples with the βs distribution.

From the graphs in Figs. 3 and 4, the distributions appear
quite similar and show little to no asymmetry. This reflects the
similarity between the statistics of the βs and βn distributions
shown earlier. Finally, all samples from quartile to quartile
appear to be quite distinct, since none of the graphs showed
an overlap between the box whiskers.
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Fig. 4. Box and whisker plot of samples with the βn distribution.

A. Hypothesis testing

Given the results of the box plots presented earlier, one can
infer that there is a strong relationship between the amount of
inflexible consumers and the PAR of the aggregate load profile.
Additionally, the dispersity between the samples are a strong
indicator that the null hypothesis presented in Section III-C
can be rejected.

We perform a one-tailed t-test to evaluate the null hypothesis
for all samples with a given Beta distribution. Tables V to VII
summarize the results at each respective quartile. The average
PAR chosen to perform the test was set to µ0 = 2.09, equivalent
to the median value in the ideal case where all consumers are
flexible.

TABLE V
RESULTS OF THE T-TEST AT THE FIRST QUARTILE.

Distribution T score p-value

βp 77.84 6.48 × 10−91

βs 125.19 3.93 × 10−111

βn 128.71 2.55 × 10−112

TABLE VI
RESULTS OF THE T-TEST AT THE SECOND QUARTILE.

Distribution T score p-value

βp 92.17 4.43 × 10−98

βs 213.05 6.60 × 10−134

βn 212.89 7.12 × 10−134

As expected, the null hypothesis was rejected for all samples
at all quartiles. The statistical power of the t-tests were large,
indicating that the groups are indeed different. The p-values
were well below the stipulated critical value, suggesting that
there is strong evidence against the null hypothesis. These
results suggest a direct relationship between the number
of inflexible consumers and the increase in peak-to-average

TABLE VII
RESULTS OF THE T-TEST AT THE THIRD QUARTILE.

Distribution T score p-value

βp 111.23 4.38 × 10−106

βs 340.81 4.45 × 10−154

βn 351.63 2.03 × 10−155

ratio. In fact, regarding the PAR values obtained with the βp
distribution, the percentage increase between the µ0 value and
the means of the distributions at each quartile were 5.12%,
10.12%, and 15.63% respectively, which highlights a linear
relationship between the number of inflexible consumers and
the increase in PAR. Considering that the PAR reflects the
smoothness of the aggregate demand profile, one can infer
that the number of inflexible consumers in a community can
impact the operating costs of the utility; in other words, actively
inflexible consumers incur a cost.

V. CONCLUSION

This study investigated the impact of considering active
consumers within demand response programs. Such consumers
are inflexible regarding which optimal load schedule to use.
Results suggest that inflexible consumers represent a cost
to the utilities as the increase in inflexibility results in the
increase of the PAR. This inflexibility cost needs to be further
analyzed by future DR system approaches, which should refrain
from developing automated load control strategies that consider
consumers as passive agents.

Future work may examine the indirect effects on the
operational cost of energy service providers, and investigate
realistic profiles of residential consumers instead of the proba-
bilistic model considered in this study. Additionally, this study
considered that inflexible consumers still accept one optimal
load scheduling, which could be considered as a limitation. We
hope this paper helps to promote the discussion regarding the
role of active consumers in DSM and contributes to a greater
acceptance and adoption of consumer-oriented DR strategies.
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