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Abstract: Recent developments, such as smart metering, distributed energy resources, microgrids,
and energy storage, have led to an exponential increase in system complexity and have emphasized
the need to include customer behavior and social and cultural backgrounds in planning activities.
This paper analyzes how emergent behavior in electricity consumption can affect the planning of
distribution grids with a smart grid vision. For this, an agent-based model that uses insights from the
field of behavioral economics to differentiate four consumer categories (high income, low income,
middle class, and early adopters) was used. The model was coupled with a real distribution feeder
and customer load curve data, and the results showed that heterogeneity of customer’s preferences,
values, and behavior led to very distinct load growth patterns. The results emphasize the relevance
of modeling customer’s behavioral aspects in planning increasingly complex power systems.

Keywords: power distribution; planning; socio-technical systems; agent-based simulation;
behavioral economics

1. Introduction

Since the deregulation of the power and energy sector and the increasing use of automation and
distributed control, electrical power systems have increased in not only size and participant agents,
but also in complexity. This tendency is emphasized by the increasing participation of consumers in
distributed generation (prosumers) and flexibility actions (such as demand response). New business
models and technologies, such as automated demand response, peer-to-peer electricity markets, and the
increasing participation of electric vehicles and distributed energy storage are expected to change the
landscape of power systems in even further [1]. These technologies will make the task of balancing the
goals of maximizing asset lifespan, efficiency, reliability, and profitability increasingly complex [2].

Due to their increasing complexity, power systems should be studied as a complex socio-technical
system. Approaches to studying it should consider both the social and technical factors that influence
its functionality and usage, and acknowledge the complex relationships between organizations, people,
and technological systems [3]. While power systems may be present on continental scales, it is not this
feature that gives them the characteristic of being a complex system, since size itself does not necessarily
lead to complexity. Electrical power system complexity comes from the interactions of the physical
layer with the rest of the hierarchical levels governing and using the infrastructure [4], which is a
large number of heterogeneous agents acting on different layers such as the physical-layer (generators,
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transformers, and substations), the cyber-layer (communication units and data management), and the
human decision layer. Its complexity, therefore, lies in the multiplicity of interacting players that operate
with and within a defined environment as independent decision-makers, with autonomous behaviors,
goals, and attitudes. These broader socio-technical networks form a community with high levels of
interaction and integration among its actors [5], and for this reason, smart grid technical developments
cannot be done in isolation from the environmental, social, and economic environments [6].

In traditional modeling approaches, the main agent of the power grid is the consumer (or even
better, the customer), for whom the entire infrastructure is built and for whom the energy is delivered.
However, the consumer is often not properly considered. People’s behavior in regards to energy
consumption is not easily predictable, and deficiencies in considering cognition processes can lead to
overly simplified behavioral assumptions that may jeopardize or even make unfeasible the modeling
of consumer energy behavior. Furthermore, the use of traditional approaches may be hindered due to
the existence of heterogeneous agents that exhibit nonlinear feedbacks [7]. Hence, we need approaches
that go beyond the conventional and simplifying homo economicus assumption, in which humans
are considered to be agents that are consistent, self-interested, and pursue their goals optimally.
In other words, it is necessary to acknowledge that the cognitive limitations (particularly concerning
computational and predictive ability) of humans can at best be an extremely crude and simplified
approximation of global rationality [8].

This paper analyzes how emergent complex behavior on the electricity consumption of residential
consumers can affect the planning of distribution grids under a smart grid vision. For this,
an agent-based model that uses insights from the field of behavioral economics to differentiate
four consumer categories (e.g., prosumers and early adopters) was used and was adapted from the
model presented in Reference [9]. The main contribution of this paper is to show that planning studies
on distribution systems can (and should) be supported by the proper modeling of customer behavior.
For this, we coupled and simulated the model with a real distribution feeder and customer load curve
data. The results showed that the heterogeneity of customer’s preferences, values, and behaviors lead
to varied emergent load growth behaviors on the system level.

The remainder of this paper is structured as follows: Section 2 analyzes residential electricity
consumer behavior. Section 3 presents the developed methodology, followed by Section 4,
which presents the materials and results of our case study. Finally, Section 5 presents the conclusions
of this work.

2. Analysis of Residential Electricity Consumer Behavior

The analysis of consumer behavior and modeling of power systems should go beyond financial
aspects. While price undoubtedly affects energy consumption, this factor has often not been as
influential as one may have assumed. For residential electricity consumers, energy bills can be a rather
small part of the household budget, making behavioral changes seem to not be “worth the effort.”
The choice and design of interventions should be well understood and evidence-based to increase the
likelihood of the success of interventions with customers.

Monetary incentives (such as demand response) have several downsides, such as the rebound
effect [10,11], since people may feel entitled not to act efficiently. When monetary savings are relatively
small (or take a long time to happen), people that focus exclusively on the private cost versus global
benefits are not likely to change their consumption patterns. Monetary gains may undermine people’s
intrinsic motivation to engage in energy-saving behaviors. Choices, preferences, and behaviors of
individuals influence energy demand and shape technologies, strategies, and policies in order to
achieve a sustainable energy transition [12]. Many factors influence energy consumption, both intrinsic
as extrinsic, and can be divided into six main areas, described in the following sub-sections.
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2.1. Values and Beliefs

Values are defined as abstract motivations that guide, justify or explain attitudes, opinions,
and actions [13]. They can be divided into hedonic values (what makes people feel good and reduce
effort), egoistic values (how to increase their resources), altruistic (benefit others), and biospheric values
(focus on nature and the environment) [14]. Energy-related actions related to values are of particular
interest because they can affect a wide range of behaviors, making them an essential target in order to
promote consistent sustainable energy behavior. Nevertheless, they are usually tough to change [12].

A person’s sense of identity and their way of perceiving themselves are also strong factors in
developing certain behaviors. People tend to interpret, favor, and recall information that confirms or
supports one’s existing beliefs. If a given action is consistent with one’s beliefs, it may motivate them
to act this way again in order to be consistent and act in line with how they see themselves. This is also
known as the positive spillover effect [12].

Understanding the values and beliefs that lead end-users to form preferences is especially
relevant to the introduction of novel technological concepts for behavioral changes [15]. However,
understanding and directing actions toward specific values is very difficult, since what people say and
what they do are sometimes very different things. For example, people may know about, intrinsically
value, hold positive attitudes towards, and genuinely intend to act in some socially desirable way,
but may not translate that into actual behavior [16].

2.2. Behavioral

It is essential to understand the paradigms that shape the behavior and decision-making processes
of people [15]. A growing body of scientific research demonstrates that people are rarely the
rational decision-makers that traditional economic models of human behavior envisaged them to be.
They deviated from this expected behavior in several situations [16], leading to the development of
simple heuristics to energy consumption that derive from traditional rational economic models [17].
This derivation comes from different sources, e.g., the restricted or limited information, cognitive
biases, risk or loss aversions, or short-sightedness in regards to nearby or immediate cost/benefits.

2.3. Social Norms

Social norms are guidelines and expectations regarding ones’ behavior. They shape the decisions
of people to conform to what is socially acceptable [16].

People tend to contribute to a given cause because it makes them feel good about themselves or
how they are perceived by other people—the so-called warm glow effect [17,18]. Regarding public
goods, such as electricity, most individuals will only collaborate or contribute to a given goal (such as
energy efficiency) if others do the same [17]. Thus, on the one hand, highly visible behavior such as
driving an electric vehicle or installing residential solar panels can be socially rewarding, but on the
other hand, less visible actions such as installing an efficient air-conditioning system may not.

As people tend to compare themselves to other people, peer-based comparative feedback can
serve as a stimulus for changing their behavior regarding energy [19]. For example, when people learn
that others act more sustainably than they do, and the comparison group is similar to the receiver [12].
Nevertheless, it must be considered that different types of customers respond differently to stimuli,
and customized feedback is required to achieve the desired result [20].

2.4. Socio-Demographic

Factors directly related to the user that form the context of their surroundings, such as various
socio-demographic indicators (age, gender, education, employment status, household type, and income),
also play an essential role in energy consumption [21,22]. Living arrangements, such as the type, size,
geographical location, and ownership of the dwelling, determine to a certain extent the users’ electricity
patterns of consumption. However, demographic characteristics only partially explain the variance
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regarding energy and pro-environmental behavior, and are less suitable in predicting energy-saving
behavior than attitudinal and behavioral variables [23]. Thus, socio-demographic characteristics come
as secondary explanatory variables on top of other internal factors.

2.5. Access to Information and Technology

Technological advances, such as distributed generation, storage systems, smart meters, and home
automation, allow distribution system operators to have better insights into the operation of their
networks and can also manage bi-directional power flows and resolve local problems in the networks
through using services offered by users, such as demand response [11,24]. The digitalization and
the application of ICT techniques in electricity networks have opened possibilities for direct and
more individualized communication with users. For instance, smart meter data can be visualized on
in-home-displays, web portals, or smartphone apps. Therefore companies can provide household
electricity consumption feedback, tailored energy conservation tips, and specific alerts to inhabitants
when a given device is malfunctioning. This kind of information may help citizens to make
better-informed decisions regarding their energy use [25]. Nevertheless, even with abundant
information, human computational capability is limited. Rational optimal decisions are not
commonplace [9].

2.6. Institutional Arrangements

Even with enough information and technological access, regulations that are too restrictive can
inhibit or even prevent the desired energy-related behavior. For instance, in the Brazilian electricity
retail sector, large consumers can purchase electricity directly from an open market, while smaller
consumers are limited to their local retailers. It might jeopardize operation and planning actions
since consumers on the open market are much more sensitive to tariff variations than the average
consumer [26].

Policies and market-based instruments tend to have a relatively narrow view of the user as a
consumer making conscious rational choices on the energy market from a set of pre-defined options.
While this approach enables the optimization of current user behavior, it does little to stimulate
large-scale transformations [27]. Policies to encourage sustainable energy behaviors will be more
effective when important drivers of the desired behavior are targeted, and significant barriers to change
are removed. A policy can be aimed at rewarding or facilitating sustainable energy behavior (pull
measures) or punishing and inhibiting undesired behavior (push measures). The related behavior
change can be voluntary or imposed. Measures that punish or inhibit unwanted responses can be
useful, but generally meet more public resistance than reward or facilitating measures [12].

3. Methodology

In our previous work [9], an agent-based approach to analyze people’s behavior on electricity
consumption using a behavioral economics framework was presented. This work provided insights
into the relevance of modeling consumer behavior for power systems, but lacked an in-depth analysis
of the electrical system aspects. In this work, we focused on how emergent complex behavior could
affect the planning of distribution grids under a smart grid vision, using an adapted version of the
agent-based model that was previously presented in Reference [9]. Hence, we conducted simulations
using a real distribution feeder and customer load curve data. Furthermore, we provide a causal loop
diagram (CLD) that provides a birds-eye-view of the agent-based model, representing its feedback
structure of the model.

The proposed methodology has two main phases: (1) the agent-based electricity consumption
model, which calculates the individual and overall energy consumption for a given scenario by
considering the heuristics of four consumer categories and (2) the energy and power analysis,
which includes power flow and voltage analysis in order to evaluate possible implications on
planning actions.
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3.1. Agent-Based Electricity Consumption Model (ECM)

To incorporate the insights of behavioral economics into the agent-based model [9], the main
factors that influence electricity consumption were listed, and the mutual relations among the agents
(consumers) were analyzed. We aimed to assess how changes in these variables could impact energy
consumption. Five aspects, divided further into three groups, were considered:

• Factor 1a: A fixed increase rate on electricity consumption, considered to mimic changes in
consumer behavior due to economic growth and the more frequent use of technologies;

• Factor 1b: Their elasticity to electricity price variations;
• Factor 1c: The interactions with the power utility through demand-side management programs;
• Factor 2: Their social interactions; and
• Factor 3: The investments made in energy-efficient technologies.

These factors apply differently to each of the four categories modeled in Reference [9], according
to their characteristics (Table 1). In brief, consumers in Category 1 had a higher income, and it was
assumed that they were inelastic to price changes. Consumers in Category 2 had a low income
and might have changed their energy consumption patterns, given financial incentives and social
interactions. Category 3 lies between Categories 1 and 2. Finally, Category 4 represents consumers with
an interest in new technologies, e.g., retrofitting of air-conditioning systems and installing solar panels.

Table 1. Categories of consumers [9].

Category Main Characteristics Initial Consumption

1: High income
Not sensible to tariff changes

Invests in energy efficiency when possible
Occasionally change habits due to social interaction

High
(500–1000 kWh/month)

2: Low income
Strongly sensible to tariff changes

Does not invest in energy efficiency
Change habits due to social interaction

Low
(10–100 kWh/month)

3: Middle class
Sensible to tariff changes

May invest in energy efficiency
Sometimes change habits due to social interaction

Average
(100–500 kWh/month)

4: Early adopters
(technology)

Sensible to tariff changes
Invests often in energy efficiency

Sometimes change habits due to social interaction

Average–High
(100–1000 kWh/month)

Electricity consumption changes, given the developed heuristics of all agents involved in each
simulation, for each iteration of the agent-based model. Nevertheless, it is essential to clarify that
the focus of this work is not to relate the iterations to specific durations of time directly. Throughout
the discussions in the case study, no direct relations with absolute durations of time will be defined.
However, for planning purposes, each iteration can and should be defined as a specific period of time,
such as an hour, a day, or any other seasonal load cycle.

Finally, in addition to Reference [9], we present a causal loop diagram (CLD) of the ECM. As can
be seen in Figure 1, the main variable and focus of the analysis in the model is energy consumption.
Starting from the upper left corner, a balancing loop on the investment in energy efficiency is presented.
The variable “Interaction C1-C4” shows that a consumer in Category 1 is affected by a consumer
in Category 4. The same logic is applied to C3-C4 and C4-C4 and all other variables related to
customer interactions on the diagram. When these interactions take place, they increase the investment
level of the affected agents. A higher investment level increases the probability of investments in
energy efficiency taking place, and the event of investments in energy efficiency, in turn, decreases the
investment level, reducing the likelihood that such an event would happen again soon. The investment
level can also change for every iteration, according to the customer satisfaction level. Finally, investment
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in energy efficiency directly decreases energy consumption, but also increases customer satisfaction
levels for consumers in Category 4.

Interactions C2-C1 and C4-C1 lead to an increase in energy consumptions in Categories 2 and
4 because Category 1 influences them and causes them to be less efficient. When there is a C3-C2
interaction, consumers in Category 3 are encouraged to be more efficient since Category 2 usually
has lower energy consumption. The same applies to interactions C3-C3 and C4-C3, but only if the
consumer in Category 3 consumes less then the consumer affected in Category 3 or 4. With a direct
relation to energy consumption, there is also a fixed energy consumption self-loop (Factor 1a).

Since electricity is considered to be purchased, in terms of its relative price ($/kWh), an increase
in “Energy consumption” leads to a rise in “Expenditure with energy”. Furthermore, “Expenditure
with energy” and “Customer satisfaction level” are inversely proportional. Hence, when interactions
with the power utility occur in the agent-based model, it represents a demand-side management
program that decreases the customer’s energy consumption and increases the customer satisfaction
level. Demand-side management programs that lead to an increase in demand, e.g., valley filling [28],
were not considered in the model.
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Last but not least, energy tariffs also play an essential role in the model. It is influenced (an increase
in its base value) by the concept of ‘energy flags’, i.e., a three-level modifier that can either increase
significantly, increase slightly, or not interfere with the “Energy tariff”. This concept is currently being
used in Brazil and aims to provide a direct incentive for customers depending on the current generation
costs. Furthermore, energy tariff increases cause decreases in energy consumption and is directly
related to the consumption level for consumers in Category 2 and indirectly related, via the satisfaction
level, for consumers in Categories 3 and 4. Consumers in Category 1 are not sensitive to tariff changes,
as described in Table 1.

As mentioned in Reference [9], several assumptions were necessary to develop this agent-based
model. These assumptions include the division of the consumers into four categories, their interaction
patterns, and how financial incentives influence their energy consumption. While such assumptions are
very context-specific and can be challenged with empirical studies, they contribute to the understanding
of how complex behavior emerges from simple heuristics. In this work, we analyze how such complex
emergent behaviors, derived from the heuristics model, impact the distribution grids in which these
customers are connected.

3.2. Power and Energy Analysis

As was previously mentioned, the second part of our methodology deals with the grid-related
power analysis using MATLAB. The first step is to load all grid data (e.g., cables, lines, limits, and
transformers) and additional customer information (e.g., active and reactive load shape, and allocation
of customers on the feeder). Given the scenario to be analyzed in terms of agent distribution among
the consumption classes modeled in the ECM, consumers are randomly allocated to the distribution
grid. Then, it is possible to evaluate electricity consumption levels for the scenario. Results related to
monthly energy consumption, as simulated on the ECM, are presented, along with the other outputs of
the model. The next step power flow analysis is undertaken considering the consumer’s distribution
and their load curve, not only for the original scenario, but also for the estimated energy levels, i.e.,
the estimations provided by the agent-based model. The results can then be displayed in terms of
power flow, voltage levels, and losses, among others. Finally, the last step is to analyze and display the
final results, including network analysis on the interactions among the agents.

4. Case Study

To demonstrate the application of the methodology, a case study is proposed to analyze how
emergent complex behaviors originate from different sets of consumers. It also illustrates the
unfeasibility of directly mapping emergent behavior from a single heuristic, and that complexity
should be dealt with proper methods and tools. Further, the impact of such different emergent patterns
on a real-world power grid will be evaluated, aiming to understand the implications of how consumers
behave in the planning of distribution systems. Specifically, this paper analyses the scenarios described
in Table 2.

Table 2. Simulation scenarios.

Scenario Division of Consumers

Base All categories: 25% (equally divided)

1 Category 1: 62.50 %
Categories 2, 3, and 4: 12.50 % (each)

2 Categories 1, 3, and 4: 12.50 % (each)
Category 2: 62.50 %

3 Categories 1, 2, and 4: 12.50 % (each)
Category 3: 62.50 %

4 Categories 1, 2, and 3: 12.50 % (each)
Category 4: 62.50 %
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The ECM was executed 300 times to prevent random values from biasing the results. All the
parameters and specifics of the simulation, as well as the source code for the ECM, are available
online (ECM available at https://github.com/lcsiebert/ecm). Furthermore, all the discussion will revolve
around how power, energy, and the remaining variables of the model evolve along the 1000 iterations.

4.1. Distribution Feeder and Customer Load Curve Data

The case study presented in this paper uses feeder data adapted from a real feeder of a Brazilian
distribution company, as previously described in References [29] and [30]. While feeder data were
processed to obtain a suitable scenario for the system tests, they represented conditions consistent
with Brazilian distributions grids: Several customers connected to the same transformer. The feeder is
purely radial, overhead, and urban and uses a medium voltage level of 13 kV. It has no distributed
generation sources, voltage regulators, or capacitor banks. The values of resistance and reactance
of each section of the feeder are presented in the Appendix C of Reference [29]. The feeder had 99
buses, one of generation (substation), and remaining load buses (distribution transformers). In this
work, only the 78 transformers, where 7299 low-voltage customers were connected, were considered.
The remaining buses were either assigned to street lighting or medium voltage commercial customers
and were not considered with the purpose of avoiding distortions and allowed us to focus exclusively
on the emergent properties of the energy consumption on residential feeders according to the ECM.
Figure 2 presents the single line diagram of the distribution feeder. Its current limit is 325.3 A on bus 1.
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As for the feeder data, customer daily load curves were also previously used and presented in
References [29] and [30]. These load curves had a 1 h sample rate, were divided into working days,
Saturday, and Sunday/holidays, and were obtained from a smart metering pilot project with 7044
residential low-voltage consumers. In this work, we used the working day’s load curves, stratified into
five patterns according to their monthly energy consumption. These five patterns (load curves) were
attributed to the 7299 individual low-voltage customers of the feeder, according to the distribution
proposed scenario of analysis, in the following manner (in the cases that more than one patter can be
attributed to a category, the selection of the pattern was randomized.):

https://github.com/lcsiebert/ecm
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• Category 1: Patterns 4 (between 500 and 1000 kWh/month) or 5 (above 1000 kWh/month);
• Category 2: Pattern 1 (below 80 kWh/month);
• Category 3: Patterns 2 (between 80 and 220 kWh/month) or 3 (between 220 and 500 kWh/month); and
• Category 4: Patterns 2 (between 80 and 220 kWh/month) or 4 (between 500 and 100 kWh/month);

The load curves were adjusted to match the initial consumption level (as performed in
References [29,30]) defined by the model, and the specific position of each customer in the feeder was
assigned randomly. These load curves, therefore, come from real data from a Brazilian distribution
company, through the treatment of an extensive database. Due to the unavailability of reactive load
curve time series from this same database, the reactive load curve was estimated from the power
factors presented in References [29,31].

4.2. Results

This section describes the main results of the case study, focusing on the grid impact in terms of
current, power, and voltage levels. All analyses were performed concerning the iterations of the model,
which relates to time. However, we decided to make no assumptions regarding absolute durations
of time and to discuss the results with respect to the model iterations. Further analysis concerning
real-world scenarios must be undertaken for an explicit assumption of durations of time for planning
purposes, which is not in the scope of this work. Here, we focus on understanding how the different
heuristics modeled led to emergent properties on the simulations and the systemic impacts of the
model. However, since each iteration could and should have been defined as a specific period of time
in practical applications, towards the end of the current section we will present a possible interpretation
of the specific durations for each iteration, considering the Brazilian power and energy landscape will
be discussed.

Figure 3 presents the evolution of the load flowing from the substation to the grid during the hour
of maximum loading. For this, load flows were calculated for each hour for every 10 iterations of the
results of the ECM. The initial values relate to the composition of consumer categories and their initial
consumption value (Table 2), ranging from an aggregated value of ~3 MW in scenario 2 until ~7.5 MW
in scenario 1. Both in absolute as well as in percentual values, we can observe that the slope of the
evolution of the power flow was very diverse, from a very positive load growing in scenario 1 until a
reasonably negative slope in scenario 4.

Scenarios 1 (Figure 3b) and 2 (Figure 3c) showed an increase in the power flow levels throughout
the iterations. For scenario 1, the initial power flow was considerably higher than the base scenario,
due to the presence of more consumers in category 1, who had higher initial consumptions. The slope of
the curve was steeper in this scenario and was also due to consumers from category 1, whose modeled
behavior was not affected by increasing energy prices, and did not take into consideration investments
and social interactions as much as other categories. As consumers in category 2 had a significantly
lower initial consumption, the initial power flow for scenario 2 was proportionally lower. Due to the
social interaction scheme of consumers in category 2, their higher elasticity to tariff increase, and the
fewer investments made, the slope of the curve was significantly lower scenario 1.

Scenarios 3 (Figure 3d) and 4 (Figure 3e) showed an initial decrease in the power flow levels.
In scenario 3, an initial drop could be perceived in the first 300 iterations. After that, the levels remained
relatively constant, even increasing slightly. We found a steeper decline in scenario 4. One of the most
important reasons for that is the number of investments made by consumers in category 4.

The minimum voltage value throughout the feeder for each evaluated iteration in a per-unit scale
(the nominal base voltage of the feeder is 13 kV) is presented in Figure 4. If we consider a voltage limit
of 0.95 p.u., it would have trespassed only in scenario 1 (in the last iteration, 68.7% of the buses).

For all the scenarios, a recurring pattern was evident, regardless of the tendency of the evolution
to be of increase or decrease. This pattern consisted of a small initial tendency to have a lower slope
and a final tendency (roughly speaking, after iteration 900) in the opposite direction if compared to the
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average behavior across all the iterations. In other words, the ECM heuristics led to an emerging bias
towards reducing energy consumption on the final iterations, and in the last iterations, to increase
consumption, when compared to their baseline. This behavior may correlate to different parameters of
the model, such as satisfaction and investment levels, and interactions among consumers and with
the utility.Energies 2020, 13, x FOR PEER REVIEW 11 of 14 
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Table 2 presents selected statistics on power analysis. The first element is the coefficient of
determination (R2) between the power flow shown in Figure 3 compared to a constrained linear
regression of the same data. We found higher R2 values in scenarios 1 and 2 since consumers in
Categories 1 and 2 interact less with consumers in other categories, do not interact within their
category, and consumers in Category 2 make fewer investments in energy efficiency. In scenario 4
the emergent results have a more substantial nonlinear component. In contrast, scenario 3 presented
the most negative value of R2 (meaning that the linear regression fits the output of the model worse
than a horizontal line on the mean values). Therefore, a strong non-linearity was presumably found
in scenarios 3 and 4, leading to the understanding that social interactions and investments play a
significant role in leading a system to non-linearity and more complex behaviors.

Moving on to the indicators of power quality, the minimum voltage level, considered to be 0.95
p.u. for this analysis has only trespassed on scenario one. The current values trespassed the current
limit (325.3 A) in all scenarios, but scenario 2 (Table 3). Nevertheless, this current limit was defined
from the original load of the dataset. Given that the loads calculated by the ECM replaced the original
loads on the feeder, these values should not be regarded as fixed operational limits, but only as a
comparison basis among the scenarios.

Table 3. Simulation scenarios.

Base Case Scenario 1 Scenario 2 Scenario 3 Scenario 4

Coefficient of determination (R2)
between power flow and

constrained linear regression
0.811 0.964 0.930 −0.805 0.651

Minimum voltage level [p.u.] 0.965 0.931 0.979 0.975 0.966
Maximum value of current [A] 499,650 957,159 308,208 360,702 484,484

As mentioned earlier, all the discussions in this section intentionally did not mention any specific
real-world time duration for each iteration, aiming to not distract the reader from the emergent
behaviors. However, if we consider a yearly growth rate of 1.1%, as observed in the Brazilian residential
sector from 2016 to 2017 (EPE), 2018b), we could estimate, for the base case, that the average duration
of one iteration was ~6.759 days. In other words, since the average electricity consumption for the
case grew 0.0205% per iteration, the 1000 iterations of the simulation would represent ~18.52 years.
If we consider scenario 1, with an average growth rate of 0.0508%/iteration, one iteration will represent
~16.59 days, and for scenario two, with an average increase rate of 0.0277%/iteration, one iteration
would represent ~9.12 days. For scenarios three and four scenarios such assumptions are not possible,
since there was an overall tendency to decrease electricity consumption.

5. Conclusions

This paper analyzed the emergence of complex behavior on power systems by analyzing how
the behavior of different residential consumers can affect distribution grids. The results showed how
minor changes in modeling human behavior lead to considerable differences and non-linearity in the
grid power flow and voltage levels.

Understanding consumer behavior is of great importance to the planning and operation of
electrical grids. Many software packages and methodologies for electrical grid analysis focus mainly on
modeling and detailing the physical behavior of all the grid components. However, not much has been
discussed on modeling and detailing consumer behavior and how this behavior may change over time.
Many analyses rely on the assumption of linear demand growth, which is indeed a straightforward
analysis that easily allows for the extrapolation of results and makes projections for power systems
planning, but is often strongly detached from real expected situations. Considering the complexity of
such behaviors and interactions may significantly support power system analysis.
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The results of this work can lead to new research opportunities to improve planning actions [30,32]
for increasingly complex power systems. The results support the statement that the planning of
power systems can significantly benefit from a broader perspective that considers distribution grids
as a socio-technical system. Consumers should be considered as agents driven not only by financial
incentives but also driven by concepts such as values, beliefs, and social norms.
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