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Abstract— Agent-based simulation of the decision-making 
process for adoption of smart energy solutions can provide 
evidence for smart energy solutions’ providers to decide for a 
business strategy which results in the best adoption rate. The 
adoption rate of smart energy solutions is important in 
achieving climate goals, such as the Danish goal to have 100% 
renewable electricity production by 2030. This paper shows 
how agent-based simulation can be used to investigate the 
decision-making process for adoption of smart energy 
solutions. The study investigates a case about Danish 
commercial greenhouse growers’ adoption of a demand 
response program. The simulation outputs an adoption curve 
and grower information. The results provide the maximum 
monetary cost for achieving an adoption rate of 50% in 5 years. 

Keywords—agent-based simulation, smart energy solutions, 
decision making, innovation adoption. 

I. INTRODUCTION 
The Paris Agreement was made with 181 parties [1] in 

2015. The Paris Agreement is about keeping a global 
temperature rise below 2 � above pre-industrial levels and 
to pursue efforts to limit the temperature increase even 
further to 1.5 � in this century [2]. Denmark takes part in 
this agreement and has designed its own climate goals in 
accordance with the Paris Agreement. Denmark’s Energy 
Agreement from 2018 states that by 2030, 100% of 
electricity production comes from renewable energy sources 
[3]. A long-term objective of the agreement is for Denmark 
to be a low-emission society in 2050, independent of fossil 
fuels [3, 4]. In the future, energy use should be more 
efficient as well as more intelligent that there is a balance 
between the consumption and the fluctuating renewable 
energy sources.  

In order to achieve this goal, the entire energy system 
must be designed to integrate fluctuating energy generation 
and consumers have to adopt technologies that allow them 
to use energy more flexible [5]. One way to do so is to invest 
heavily in expanding the energy infrastructure. Another and 
cheaper way is to use Demand Response (DR), which 
allows the use of energy flexibility at the consumption side.  

However, introducing new smart energy solutions in the 
energy system does not mean the solutions will be adopted 
and utilized by consumers, and many factors affect the 
decision making of adopting and implementing a new 
solution. One factor is the adoption rate that depends on the 
barriers for adopting an innovation and the triggers which 

are used to overcome these barriers [6]. A great tool for 
studying decision-making is agent-based modeling which 
can simulate consumer behavior in a specific environment. 
By simulating consumer’s adoption behaviors, the solution 
providers can make strategies that promote and increase the 
adoption rate of an innovative solution. 

Therefore, this paper aims to investigate the adoption of 
DR with a case study of Danish commercial greenhouses 
and use agent-based simulation to identify how the 
monetary costs affect the adoption rate of DR by 
commercial greenhouse growers. 

This paper is organized as follows: first, the research 
background aims to give an understanding of this research; 
second, the simulation design is described to introduce the 
simulation logic; third, the case study is described, and the 
results are presented and discussed; last, a conclusion 
including the research findings is presented. 

II. RESEARCH BACKGROUND 
Smart grid is a modernized electrical grid allowing for 

two-way communication. Smart grid consists of a wide 
range of technologies including advanced sensors, energy 
storage, and smart meters [7]. One of the most important 
technologies is smart meters which enable two-way 
communication [7]. Flexibility is the ability of electrical 
systems to maintain the balance between energy supply and 
demand [8]. DR is voluntary changes in consumers’ 
electricity usage patterns – in response to market signals [8]. 
It is possible to utilize consumer energy flexibility through 
DR by use of two-way communication.  

DR provides the ability to reduce the use of peak load 
generation, electricity cost, and to improve system 
reliability [9]. DR programs aim to incentivize changes in 
the electricity consumption patterns in response to the 
varying electricity prices or incentivize payments to lower 
electricity consumption at times with high market prices 
[10]. There are two DR approaches called explicit- and 
implicit DR. 

Explicit DR is a program that gives the end-users the 
possibility to compete in the wholesale market with 
producers, balancing and ancillary services. This is possible 
with services provided by aggregators or single large 
consumers. Aggregators trade aggregated load in the 
electricity markets, receive payment comparable with the 



generation, and consumers receive direct payment in the 
explicit DR [10, 11].  

Implicit DR program refers to consumers being exposed 
to time-varying electricity prices that reflect electricity 
prices in different time periods. Consumers react to those 
price differences without commitment. These prices are 
agreed beforehand as part of their electricity supply 
contract. This program, therefore, does not allow consumers 
to participate alongside generation in the electricity markets 
[10, 11]. 

In Denmark, DR aggregation can only take place 
through suppliers, as independent aggregators are not 
allowed. The balancing programs are mainly designed for 
production and not consumption [11]. Therefore, consumers 
only have the opportunity to participate in the implicit DR 
program in Denmark. Hence, this paper chooses the implicit 
DR for the case study. 

This paper investigates the decision-making process for 
adoption of smart energy solutions such as DR. A decision-
making process consists, according to [12], of the following 
7 steps: 1) identify the decision, 2) gather information, 3) 
identify alternatives, 4) weigh the evidence, 5) choose 
among alternatives, 6) take action, and 7) review your 
decision. By knowing the adoption behavior of consumers, 
the adoption of smart energy solutions can be studied using 
agent-based simulation. This model can then help solution 
providers to simulate decision alternatives- step 5 of the 
decision-making process, and to choose the right actions 
(step 6).  

However, the agent-based model relies on detailed 
innovation adoption behavior of the consumers. Innovation 
adoption means that consumers make full use of the 
innovation [6]. The decision that has to be taken should 
encourage the adoption of smart energy solutions (step 1, 
identifying the decision). The adoption rate is the simulation 
factor which measures what decision is the best. The 
adoption rate is an important element for the investigation 
of the market reaction towards an innovation. Adoption rate 
is defined by [13] as “The rate of adoption is the pace at 
which new technology is acquired and used by the public.” 
This can be represented by the number of members of the 
society who start using new technology or innovation during 
a specific period of time. Hence, the decision alternative 
with the highest adoption rate will be used. 

III. SIMULATION DESIGN 
The agent-based simulation is used in this paper for 

studying the adoption of a smart energy solution. The agents 
in this paper consist of a population of commercial 
greenhouse growers in Denmark. The implicit DR program 
is chosen as a smart energy solution. 

Agent-based simulation is one of the artificial 
intelligence methods which allows agents to behave as close 
to real-life as possible. The agents are designed to operate 
in a certain environment and have knowledge about how to 
behave and to react to different changes. This knowledge is 
fed into the agent logic through data (e.g. historical data for 
how an agent behaves to a specific change in the 
environment) [14]. 

The model is designed and developed in the software 
tool- AnyLogic. AnyLogic is a single simulation software 
tool that supports three simulation modeling methods: 

system dynamics, discrete event, and agent-based modeling 
and allows you to create multi-method models [15]. 

The simulation logic is to check each simulation hour if 
any adoption has been taken and to stop the simulation when 
50% of the population has adopted it (Fig. 1, green 
flowchart). The decision logic of the simulation is shown in 
the orange flow chart, in Fig. 1. There are many parameters 
determining the adoption rate. In this specific case, for 
simplicity, the decision is only the monetary benefits. The 
simulation uses a retrospective method which looks at the 
possible saving if the smart energy solution is adopted from 
day one in the simulation by use of the historical data. 
Hence, when the accumulated saving during the simulation 
time equals the cost of adopting the smart energy solution, 
the consumer adopts the innovation. 

This paper mainly investigates monetary benefits. 
Hence, important parameters are the adoption cost structure 
(e.g. one-time payment) and electricity price structure (e.g. 
subsidize DR programs by reducing electricity taxes).  

Fig. 2 is a screenshot of the model developed in 
AnyLogic, and shows the running simulation: 1) shows the 
information of the simulation time and also provides 
information about which type of agents adopt the solution, 
including the Return on Investment (ROI) time 2) are the 
input parameters which allow changes to simulate a specific 
strategies 3) represents a 24-hour forecast of the solar 
irradiations based on the historical data starting from 2015 
4) illustrates a 24-hour forecast of the electricity spot price 
also based on historical data from 2015 5) is a calculated 
forecast of the photosynthesis gain per spot price to 
determine when the plant obtains the highest photosynthesis 
at the lowest price. This is found from the solar irradiation 
and spot price forecast. The photosynthesis gain as a 
function to the solar irradiation is non-linear. Hence, the 
extra gain added by supplementing the natural light by 
artificial light during the day may be low compared to the 
gain from artificial light alone during the night. 

 
Fig. 1. Flowcharts of the model simulation logic. [Orange: Decision logic] 
[Green: Simulation logic].  



Fig. 2. Screenshot of the interface from the developed simulation model in AnyLogic. 

To illustrate this, a second graph is added with a 
different light consumption of 20 Watts per square meters. 
Comparing these two graphs, it can be seen that the 
differences in photosynthesis gain are high during the nights 
and low during the daytime. 6) shows the obtained artificial 
light schedule based on the hours with the highest 
photosynthesis gain per spot price where it is on at ‘1’ and 
off at ’0’. The number of hours with artificial light depends 
on when the plant’s required light sum (daily required 
amount of light) has been reached. Furthermore, the plant 
requirements for dark hours have to be considered too. 7) is 
the light schedule before implementing the smart energy 
solution which is used to find the achieved savings by 
adopting the new solution. The light schedule is based on 
information from a commercial greenhouse in Denmark. 8) 
is the adoption curve showing the percentage of the 
population who have adopted the solution.  

IV. CASE STUDY 
Commercial greenhouses in Denmark are chosen due to 

their large electricity consumption. In 2017, 436 
commercial greenhouse growers consumed electricity 
corresponding to 0.7% of the total Danish consumption [16, 
17]. 75% of the consumed electricity is estimated to come 
from supplemental lighting [18]. These numbers show the 
potential of the electricity cost reduction if the commercial 
greenhouses participate in DR programs. 

Commercial greenhouses produce plants, similar to 
other industries that produce goods. However, the 
production process depends on the types of plants. The 
plants are placed in different greenhouse areas based on the 
phases of the growing process [19]. This is due to the 
requirements of lighting and temperature change during the 
process. Therefore, artificial lighting varies in installation 
and usage in different greenhouses. According to a plant 
expert, Prof. Carl-Otto Ottosen, Department of Food 
Science, Aarhus University, the installed artificial lighting 

power depends on the required light sum (the daily required 
light for a plant) for the specific plant species. Hence, a 
population of different commercial greenhouse growers is 
made based on their types of plants. 

The population has been created based on data and 
information from the plant expert and 2017 nurseries 
statistics from Statistics Denmark (the national authority on 
Danish statistics) [20]. First, they are divided into the plant 
types: tomatoes, cucumbers, herbs, pot plants, and salad. 
These categories include information about the necessary 
installed artificial light power to meet the plant type’s 
required light sums. Each of the categories is divided into 7 
segments based on the greenhouse area. The population is 
implemented in the model by setting up in an excel sheet 
and imported to AnyLogic, which creates a population of 
agents. The case study investigates at what time 50% of the 
population has adopted technologies for participating in an 
implicit DR program. This simulation will be used to find 
the maximum cost of 50% adoption within 5 years by 
changing the investment parameter (see Fig. 2). The 
simulation starts in 2015 (corresponding to the historical 
data) and the adoption occurs when savings equal to the cost 
of adoption, and the adoption time equals to the ROI time. 
A ROI time of 5 years is estimated to be reasonable for 
medium-sized industries like commercial greenhouses. 
Furthermore, the simulation identifies the commercial 
greenhouse segments who adopt and at what rate. 

V. RESULTS AND DISCUSSION 
The simulation output is shown in Fig. 3 and Table I. 

Fig. 3 illustrates the adoption curve which predicts the 
adoption rate based on the model setup. The information 
behind the curve can be found in Table I. Table I shows the 
type of commercial greenhouses who have adopted the 
solution and at what time. From the graph and table, it can 
be found that 50% of the adoption happens after 4 years, 10 
months, and 19 days. This adoption is for a one-time 



payment cost structure with a maximum adoption cost of 
1.765 million DKK (€ 0.236 million) for each consumer. It 
means if the adoption cost equals to or is less than 1.765 
million DKK per commercial greenhouse, 50% of the 
Danish commercial greenhouses will adopt this solution 
within 5 years under the current Danish electricity cost 
structure. 

 
Fig. 3. Adoption curve for commercial greenhouses’ adoption of DR. [X-

axis: Hours] [Y-axis: Adoption percentage of the population] 

Furthermore, the simulation shows (in TABLE I) that 
the commercial greenhouses who adopt first are the ones 
that produce either pot plants, tomatoes, cucumbers or 
herbs, and all with an area of more than 20,000 m2. These 
results suggest that if the monetary cost for adoption is more 
than DKK 1.765 million it is necessary to incentivize 
commercial greenhouses in other ways to reach a 50% 
adoption rate of 5 years. 

TABLE I.  ADOPTING AGENTS’ TYPE AND RATE 

Plant type Grower segment 
[m2] 

ROI time: 
years 

ROI time: 
months 

ROI time: 
days 

Pot plants >20,000 0 3 14 

Tomatoes >20,000 0 3 20 

Cucumber >20,000 0 4 1 

Herbs >20,000 0 6 13 

Pot plants 15,000-19,999 0 8 6 

Salad >20,000 0 8 10 

Salad 15,000-19,999 0 9 3 

Tomatoes 10,000-14,999 1 1 15 

Cucumber 10,000-14,999 1 2 22 

Pot plants 10,000-14,999 1 3 13 

Herbs 10,000-14,999 1 4 6 

Salad 10,000-14,999 1 5 9 

Tomatoes 5,000-9,999 1 10 10 

Pot plants 5,000-9,999 2 2 11 

Cucumber 5,000-9,999 2 3 20 

Herbs 5,000-9,999 2 5 11 

Pot plants 2,000-4,999 4 10 19 

VI. CONCLUSION 
This paper investigates how the monetary factor affects 

the adoption of smart energy solutions. The agent-based 
simulation in this paper mainly helps strategy decision 
support. The paper presents how agent-based simulation can 
be used in the decision-making for adoption of smart energy 
solutions. The case study demonstrates that agent-based 
simulation works well as a tool for studying decision-
making behavior. The simulation result estimates that it is 
possible to reach an adoption rate of 50% under 5 years with 
a maximum adoption cost of 1.765 million DKK with the 
current electricity price structure. However, if a higher 
adoption cost applies, regulation is needed to incentivize the 
consumers to adopt new solutions with the adoption rate of 
50% under 5 years. In reality, besides the monetary factors, 
many other factors such as social, compatibility, and 

complexity factors affect the adoption of an innovation [21]. 
Therefore, a model considering more factors is 
recommended for future research. Furthermore, this paper 
suggests a future research to identify the innovators, early 
adopters, and early majorities in the adoption curve. 
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