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Abstract — Microgrids and smart grids are largely accepted 

concepts in power energy systems. They bring an innovative and 

distributed view to the old centralized system. This demands a 

more active participation from end-consumers, that can be 

achieved by using demand response and demand side 

management. In this paper it is proposed a solution for demand 

side management involving and agent-based architectures that 

was deployed in a small office. The deployment integrated an 

algorithm for generation and consumption balance with real-time 

contextual resources’ priorities. The deployment’s overall results, 

from a winter and a summer day, are presented in this paper. 

Index Terms — demand side management, load optimization, load 

priority, real-time optimization 

I. INTRODUCTION 

The recent introduction of new energy generation technologies, 
mostly consisting of renewables, has triggered significant 
developments in future sustainable solutions for power energy 
systems [1]. Moreover, these developments gave rise to two 
important concepts which became the most promising 
solutions, namely, microgrids and smart grids. Microgrids are 
small energy infrastructures that comprise loads and distributed 
energy resources, they maintain a balance between these two by 
using renewable energy, such as wind turbines and photovoltaic 
panels [2]. The definition of smart grids concept is more 
extensive, since it includes microgrids, i.e. the concept of smart 
grids describes the evolution of power energy systems from 
their traditional form, centralized activity and top-down 
communication flow, to a decentralized operation which is 
achieved through complete communication between entities 
and the use of monitored and controllable infrastructure that 
allows real-time analysis and intervention [3]. 

Power energy systems are not only being revolutionized at the 
infrastructural level, where new low-voltage and distributed 

generation resources are introduced and more efficient 
consumption loads are used, but also at the organizational level, 
changing the interaction and participation of end-consumers in 
the electrical grid management [4]. Consumers are being 
encouraged to actively participate in the smart grid and in the 
microgrid. One of the keys to the new paradigm is Demand Side 
Management (DSM) where consumers can change their 
consumption profiles [5]. Additionally, Demand Response 
(DR) programs have been gaining popularity due to its many 
applications; it corresponds to changes in the consumer’s load 
consumption in response to price-signals or monetary 
incentives, sent by operators of demand response 
promotors/organizers. 

In this context, energy management systems appear at several 
implementation levels, from operators to small consumers, and 
focus on two major applications: distributed or on-site 
generation [6] and demand response [4]. These systems are 
platforms that optimize the consumer’s energy use according to 
their preferences, the monitored data, and the available 
generation, promoting efficient use of energy.  

This paper proposes three contributions to DSM systems, by 
providing a complete solution that can be deployed and used in 
buildings. The three major contributions are: a real-time 
contextual resources’ priority mechanism, an algorithm for 
generation and consumption balance, and an agent-based 
software architecture for DSM. 

To enable DSM, the paper will first detail and propose how 
priorities can be given to individual electrical resources in real-
time. The priorities will merge contextual sensor data and users’ 
preferences. The proposed balancing algorithm will then use 
the priorities to optimize the energy consumption to be at the 
same level as the energy generation. The balance algorithm is 
integrated in an agent-based software that was deployed in a 
small office. The agent-based architecture enables not only 



 

 

DSM but also the ability to integrate the controlled building in 
a community, such as microgrids and/or smart grids. This paper 
presents the real deployment of its contributions in an office. 

This paper is divided into seven main sections. Following this 
first introductory section (Section I), Section II proposes 
equations for real-time contextual resources’ priorities using 
users’ preferences. Section III presents the proposed algorithm 
for generation and consumption balance. The proposed agent-
based architecture for DSM is presented in Section IV. The 
deployment in a small office is detailed in Section V while the 
results are presented in Section VI. Section VII presents the 
main conclusions drawn from the results of this work. 

II. REAL-TIME CONTEXTUAL RESOURCES’ PRIORITIES 

The users’ comfort is a variable that must be take into account 
in resources optimization algorithms and is usually modulated 
as a weight representing the resource’s priority. This can be 
seen in works such as [7], [8] and [9]. In [7] a real-time 
optimization is proposed using the forecasted renewable 
sources availability and market prices. In [8] an optimization to 
maximize users’ comfort is proposed. A home energy 
optimization to minimize users’ discomfort and energy costs 
while complying with residential electrical resources 
constraints is proposed in [9]. Because resources’ priority varies 
in time and context, this paper proposes real-time contextual 
priorities for light resources and heating and cooling resources. 
The proposed real-time contextual priorities consider sensor 
data as well as user preferences. 

The user preferences are values set by the building’s 
administrative user. These can assume multiple unit measures, 
such as lux and degrees Celsius. The combination of multiple 
users’ preferences must be done by the building’s 
administrator. The combination of multiple users’ preferences 
is not performed by the proposed system, because it lacks the 
ability to identify which users are located in a given zone. The 
anonymity of users prevents their identification and 
consequently the combination of multiple users’ preferences. 

A. Light Priority 

Office buildings are mainly occupied during the day. However, 
lighting can have a big impact on the overall consumption. 
According to the National Optical Astronomy Observatory of 
United States of America, the illumination needed to perform 
office and computer work is 500 lux [10]. This value almost 
demands the use of artificial light in the majority of buildings. 

This paper proposes equation (1) to calculate the priority of 
each light considering its context and users’ preferences where: 

• 𝑜𝑐𝑐𝑢𝑝𝑎𝑛𝑐𝑦 – is a binary number (1 or 0) indicating if there 
are users in the light actuation zone (i.e. zone where the light 
has impact in the visibility);  

• 𝑐𝑢𝑟𝐿𝑢𝑚𝑒𝑛 – real-time zone’s natural light (i.e. lux); 

• 𝑢𝑠𝑒𝑟𝑃𝑟𝑒𝑓𝐿𝑢𝑥 – user preference for the light zone (i.e. lux); 

• 𝑒𝑙𝑎𝑠𝑡𝑖𝑐𝑖𝑡𝑦 – percentage representing the elasticity of the 
user regarding his/her preference (i.e. how much the light 
can differ from the user’ preference without having a 
negative impact); 

• 𝑥 – combination between real-time context values and 
user’s preferences, calculated in equation (2); 

• 𝑠𝑚𝑜𝑜𝑡ℎ – represents the opening of the formula curve, 
smoothing the variation between high and low priorities. 

𝑓(𝑥) =

{
1, 𝑥 < 0

𝑜𝑐𝑐𝑢𝑝𝑎𝑛𝑐𝑦 ×
2

𝑒𝑥/𝑠𝑚𝑜𝑜𝑡ℎ×(1−𝑒𝑙𝑎𝑠𝑡𝑖𝑐𝑖𝑡𝑦)+1
, 𝑥 ≥ 0

  
(1) 

𝑥 = 𝑐𝑢𝑟𝐿𝑢𝑚𝑒𝑛 − (𝑢𝑠𝑒𝑟𝑃𝑟𝑒𝑓𝐿𝑢𝑥 − 𝑢𝑠𝑒𝑟𝑃𝑟𝑒𝑓𝐿𝑢𝑥 ×
𝑒𝑙𝑎𝑠𝑡𝑖𝑐𝑖𝑡𝑦)  

(2) 

Figure 1 shows 𝑓(𝑥) of equation (1) for a user’s preference of 
500 lux and an 𝑒𝑙𝑎𝑠𝑡𝑖𝑐𝑖𝑡𝑦 between 0% and 10%. When 
elasticity is 0% (blue line), the light priority has maximum 
value (one) if the zone’s lux is below user’s lux preference (i.e. 
500 lux). If a user has elasticity above 0%, it means that the user 
preference is not entirely mandatory and can be exceeded in 
extreme cases. The yellow area of Figure 1 represents a 10% 
elasticity.  

 
Figure 1. Light priority for 𝒔𝒎𝒐𝒐𝒕𝒉 = 𝟕𝟎 

B. Heater and Cooler Priority 

Other commonly used resource in buildings is the heating, 
ventilation and air conditioning (HVAC) resources. Their 
consumption can have a big impact in the building’s overall 
consumption. Therefore, works such as [11], [12] and [13] 
propose and simulate HVAC optimization algorithms for home 
and offices. In [11] the users’ comfort and HVAC efficiency are 
taken into account to minimize the HVAC consumption during 
demand response events by shifting resources consumption. A 
dynamic demand response controller is proposed in [12] for 
real-time pricing using user’s threshold prices. In [13] an 
HVAC optimization algorithm is proposed taking into account 
technological, hygienic, acoustic, energetic, material, 
architectural, constructional, safety and reliability limitations. 

The ability to control HVAC systems enables the use of such 
systems for demand response participation and real-time prices 
events, as seen in [11] and in [12]. Therefore, the application of 
real-time contextual priorities to HVAC resources benefits 
optimization and decision-making algorithms. 

For a real-time operation, this paper proposes the application of 
equation (3) to calculate the priority of each HVAC considering 
the context and users’ preferences, where: 

• 𝑢𝑠𝑒𝑟𝑃𝑟𝑒𝑓𝑒𝑟𝑒𝑛𝑐𝑒𝑇𝑒𝑚𝑝 – user’s preference expressed in 
degree Celsius; 

• 𝑐𝑢𝑟𝑇𝑒𝑚𝑝 – zone’s temperature; 



 

 

• 𝑒𝑙𝑎𝑠𝑡𝑖𝑐𝑖𝑡𝑦 – percentage representing the elasticity of the 
user regarding his/her preference; 

• 𝑥 – combination between real-time context values and 
user’s preference, equation (4); 

• 𝑠𝑚𝑜𝑜𝑡ℎ – represents the formula curve opening, smoothing 
the change between high and low priorities. 

Equation (3) application changes according to the type of 
resource used. If a heater is used, equation (3) only applies for 
𝑥 < 0, if a cooler is used, equation (3) can only be used for 𝑥 >
0. For situations where equation (3) cannot be used, 𝑓(𝑥) will 
have the value 0; for example, when a heater is used and 𝑥 > 0 
the heater’s priority will be 0. 

𝑓(𝑥) =  1 −
4𝑒

𝑥×𝑠𝑚𝑜𝑜𝑡ℎ×(1−𝑒𝑙𝑎𝑠𝑡𝑖𝑐𝑖𝑡𝑦)
2

(𝑒
𝑥×𝑠𝑚𝑜𝑜𝑡ℎ×(1−𝑒𝑙𝑎𝑠𝑡𝑖𝑐𝑖𝑡𝑦)

2 +1)

2  (3) 

𝑥 = 𝑐𝑢𝑟𝑟𝑒𝑛𝑡𝑇𝑒𝑚𝑝 − 𝑢𝑠𝑒𝑟𝑃𝑟𝑒𝑓𝑒𝑟𝑒𝑛𝑐𝑒𝑇𝑒𝑚𝑝  (4) 

Figure 2 shows 𝑓(𝑥) of equation (3) using a user temperature 
preference of 24 ºC. The yellow area represents a 10% 
elasticity. Figure 2 represents an air-conditioner that can heat 
and cool the room/zone. Otherwise, the chart should not be 
symmetric. The blue line represents que normal HVAC priority, 
while the green line represents the minimum possible priority 
using a 10% elasticity. 

 

Figure 2. HVAC priority for 𝒔𝒎𝒐𝒐𝒕𝒉 = 𝟐 

III. PROPOSED ALGORITHM FOR GENERATION AND 

CONSUMPTION BALANCE 

The proposed algorithm for generation and consumption 
balance is an evolution of the algorithm present in [14] and [15]. 
The new proposed algorithm is able to run in real-time in a 
single-board computer, while the previous version was built to 
reduce energy consumption according to a target and was not 
prepared to balance generation and consumption in real-time. 

The algorithm takes into consideration the software and 
hardware limitations of a single-board computer and the 
limitation of the GNU Linear Programming Kit (GLPK). 
GLPK, used as solver, allows the solving of large-scale linear 
programming and mixed integer programming problems. Java 
Optimization Modeler (JOM) is also used to provide a layer 
between Java language and GLPK, simplifying the solver usage 
and configuration. 

The proposed approach considers two types of resources: 
discrete and variable. As to the mathematical formulation used 
for optimization, it considers the available on-site generation 
(𝑃𝐺𝑒𝑛), the current consumption (𝑃𝐶𝑜𝑛𝑠) and two demand 

response programs, load reduction (𝑃𝑖
𝑣𝑎𝑟) and load curtailment 

(𝑃𝑖
𝑑𝑖𝑠). The first is applied to dimmable controlled loads (i.e. 

variable), while the latter acts on loads that can only be turned 
on/off (i.e. discrete). Equation (5) shows the objective function 
used for balancing the consumption and generation and 
considering the minimization of impact on consumer priorities. 
In equation (5), 𝑛𝑣𝑎𝑟 represents the number of loads capable of 
load reduction and 𝑛𝑑𝑖𝑠 represents the number of loads capable 
of load curtailment. User priorities are represented by 𝑊𝑖

𝑣𝑎𝑟  and 

𝑊𝑖
𝑑𝑖𝑠. The 𝑤 is a weight that prioritizes the balance between 

generation and consumption. 

𝑚𝑖𝑛𝑖𝑚𝑖𝑧𝑒 = ∑|𝑃𝑖
𝑣𝑎𝑟| × 𝑊𝑖

𝑣𝑎𝑟

𝑛𝑣𝑎𝑟

𝑖=1

+ ∑|𝑃𝑖
𝑑𝑖𝑠| × 𝑊𝑖

𝑑𝑖𝑠

𝑛𝑑𝑖𝑠

𝑖=1

+ 

𝑤 × [𝑃𝐺𝑒𝑛 − 𝑃𝐶𝑜𝑛𝑠 + ∑ 𝑃𝑖
𝑣𝑎𝑟

𝑛𝑣𝑎𝑟

𝑖=1

+ ∑ 𝑃𝑖
𝑑𝑖𝑠

𝑛𝑑𝑖𝑠

𝑖=1

] 

(5) 

The algorithm intends to minimize the gap between generation 
and consumption, when the available generation is lower than 
actual consumption. This ensures that even though it is not 
possible to supply all loads with on-site generation, the 
operational costs are only the necessary ones. In equation (6), 
the constraint related to the balancing is considered, by looking 
at the available generation and demand response programs. 
Variable 𝑤𝑝 is a percentual weight given to the generated 
energy to avoid a match overfitting between consumption and 
generation. The photovoltaic generation has overtime fast 
fluctuations, if an overfitting match is performed, there is no 
guarantee that the consumption will be kept below generation. 

𝑤𝑝 × 𝑃𝐺𝑒𝑛 ≥ 𝑃𝐶𝑜𝑛𝑠 − ∑ 𝑃𝑖
𝑣𝑎𝑟

𝑛𝑣𝑎𝑟

𝑖=1

− ∑ 𝑃𝑖
𝑑𝑖𝑠

𝑛𝑑𝑖𝑠

𝑖=1

 (6) 

Equation (7) reflects the load curtailment program where loads 
participating in it are turned on/off. The modeling of this 

program considers a binary variable (𝑋𝑖
𝑑𝑖𝑠) that the optimization 

uses to define if 𝑖 load will be turned on or turn off. The 

𝑃𝑖
𝑑𝑖𝑠_𝑐𝑜𝑛𝑠

 can take two different values, if consumption if bigger 

or equal than generation, then 𝑃𝑖
𝑑𝑖𝑠_𝑐𝑜𝑛𝑠

 is the real-time 

consumption of 𝑖 load, otherwise 𝑃𝑖
𝑑𝑖𝑠_𝑐𝑜𝑛𝑠

 is the possible 

consumption of the load represented with a negative number – 

in other words, if a load consumes 500 W, then 𝑃𝑖
𝑑𝑖𝑠_𝑐𝑜𝑛𝑠 =

−500. 

𝑃𝑖
𝑑𝑖𝑠 = 𝑃𝑖

𝑑𝑖𝑠_𝑐𝑜𝑛𝑠 × 𝑋𝑖
𝑑𝑖𝑠, ∀ 𝑖𝜖{1, … , 𝑛𝑑𝑖𝑠} (7) 

Equations (8) and (9) are constraints implemented to ensure 
absolute values for the load reduction variable (|𝑃𝑖

𝑣𝑎𝑟|) and the 

load curtailment variable (|𝑃𝑖
𝑑𝑖𝑠|). These constraints are needed 

because GLPK is used with JOM that do not provide a syntax 
for absolute values in the objective function. 

𝑃𝑖
𝑣𝑎𝑟 ≤ |𝑃𝑖

𝑣𝑎𝑟| 

−𝑃𝑖
𝑣𝑎𝑟 ≤ |𝑃𝑖

𝑣𝑎𝑟| 
(8) 

𝑃𝑖
𝑑𝑖𝑠 ≤ |𝑃𝑖

𝑑𝑖𝑠| (9) 



 

 

−𝑃𝑖
𝑑𝑖𝑠 ≤ |𝑃𝑖

𝑑𝑖𝑠| 

The proposed algorithm is light enough to run in a Raspberry 
Pi 3 Model B in less than two seconds. This was the main 
concern and objective within the development of this algorithm. 
The load priorities, represented by 𝑊𝑖

𝑣𝑎𝑟  and 𝑊𝑖
𝑣𝑎𝑟 , are 

achieved using Section II equations (1) and (3) for real-time 
contextual resources’ priorities. 

IV. PROPOSED AGENT-BASED ARCHITECTURE FOR 

DEMAND SIDE MANAGEMENT 

The use of Multi-Agent Systems (MAS) in microgrids appears 
to be a good fit, where each microgrid’s player is represented 
by an agent of the MAS. This paper will focus on the 
architecture of a building’s agent considering previous works. 
The proposed agent-based architecture will be able to be 
integrated in a MAS; of a microgrid or smart grid. However, the 
focus of this paper is to analyze the proposed agent-based 
architecture running in standalone to manage the electrical 
resources of a building. 

The proposed architecture, shown in Figure 3, is divided into 
six interconnected layers that enable the full energy 
management of a building. Depending on the agent goal and 
desired functionalities, some layers can be left outside the 
implementation scope. Figure 3 also presents examples of 
technologies that can be used to implement each layer. The next 
subsections will describe the layers from the bottom-up. 

 

Figure 3. Agent Architecture Layers 

A. Multi-Agent Layer  

The Multi-Agent Layer is implemented using a framework, 
such as JADE or Jadex. Agent communications are 
implemented in this layer in order to allow it to communicate 
with other agents. The registrations and connectivity in MAS 
are also implemented in this layer. 

The motivation of this layer comes from previous works were 
energy management systems for buildings were integrated in 
MAS for microgrids and smart grids players modeling [16-19]. 
In [16] a MAS for microgrid is proposed for distributed 
consensual optimizations where communication delays are 

considered. A distributed cyber physical microgrid model for 
real-time tasks is proposed in [17]. In [18] a MAS for islanded 
microgrids is simulated. A survey regarding the deployment of 
MAS in smart grids is presented in [19] where several agent 
layers are presented. This paper’s agent-based architecture will 
be part of the Prosumer Agents layer identified in [19]. 

B. Computational Layer  

The computational capability of the agent is usually taken for 
granted while using today’s computers. However, to deploy 
agents in end-consumer’s buildings, smaller and cheaper 
computational platforms should be taken into consideration, 
such as single-board computers that have smaller 
computational power. The Computational Layer determines the 
possibilities of the agent to process complex operations, for 
instance, forecasting algorithms. 

The Computational Layer allows the usage of distributed 
computing, edge/FOG computing and cloud computing [20]. A 
combination of computing technologies is used to empower the 
agent processing speed and quality. The integration of real-time 
data and IoT devices, in the Integration Layer, demands 
significant computational power to process everything. By 
using external computational resources, more complex and 
efficient algorithms for energy management can be used. This 
layer will orchestrate local and remote data processing. 

Security measures must be considered when dealing with 
external computation, this is a significant issue when dealing 
with end-consumer data that can jeopardize user security and 
privacy. The security of data passing from one side to the other 
must be addressed [21]. 

C. Persistence Layer  

To build an efficient system for energy management and DSM, 
is important to store data. In energy management systems, is 
important the use of: forecasting algorithm as seen in [22], data 
analysis as seen in [23], and user profiles as seen in [24]. 
Therefore, the Persistence Layer is needed to feed algorithms 
with historical data. 

The Persistence Layer is divided into two levels: local storage, 
and external storage. The local storage stores the data in the 
same hardware where the agent is running, for instance, in the 
same computer. The external storage uses external hardware to 
store the information of the agent, for instance, a server in the 
cloud. The external storage is used for older data – freeing the 
local storage memory – and/or to store data backups. 

D. Energy Management Layer 

Regarding building’s energy management, the most important 
layer of the proposed architecture is the Energy Management 
Layer. This layer integrates algorithms for DSM [25], 
autonomous demand response [26], energy optimization [27], 
scheduling algorithms [28], learning algorithms [29] and all 
other methods that the developer wants to enable in the 
architecture. This layer will accommodate the business logic of 
each agent and is seen as the intelligent layer. For this paper, a 
DSM resource optimization (Section III) will be implemented 
in this layer. 



 

 

E. Integration Layer 

Internet of things (IoT) devices are almost anywhere, and they 
can be used for energy management systems [30-32]. In [30] is 
demonstrated a human-in-the-loop (HiTL) system that uses IoT 
devices to enable sensing, data transmission and signal 
receivers for resources control. In [31] an energy management 
system using IoT devices is proposed using REST 
communications and MQTT protocol. In [32] an energy 
management system with IoT devices is proposed and 
simulated. The proposed system of [32] uses OpenADR to 
bridge between grid- and facility-side. The integration of IoT 
devices in our proposed energy management system is done in 
the Integration Layer. 

The Integration Layer is responsible to communicate and 
integrate IoT devices using multiple communication protocols. 
This layer will communicate to all the building’s resources and 
is responsible to monitor and control all of them. 

The success of the Integration Layer depends on two main 
aspects: the number of available and implemented 
communication protocols, and the number of resources/devices 
with monitoring and/or control capabilities on the building. The 
developer can take care of the first aspect, by developing the 
appropriate protocols. Regarding the second aspect, the end-
consumer must provide enough controllable resources. 

F. Graphical User Interface Layer 

The Graphical User Interface Layer is responsible for users’ 
interactions. This layer responds to the need of having a 
graphical interface for users, as stated and analyzed in [33] and 
[34]. This layer enables the users’ real-time interaction with the 
agent-based architecture. Users are considered to be the persons 
that live/work/“are in” the building where the architecture is 
deployed. The interface complexity and compatibilities depend 
on the functionalities that each developer makes available. 

The interface can be made locally, using a screen to show the 
interface of the agent, or externally, using an API consumed by 
an external device(s), such as a computer or a smartphone. 

V. OFFICE DEPLOYMENT 

For this case study, the proposed architecture of Section IV was 
implemented using open-source libraries, with licenses such as 
LGPL 2.1, Apache 2.0 and GPLv3. Figure 4 shows the main 
libraries and technologies used for each layer of the 
implemented system. It was used Java programming language; 
for developing; and a Raspberry Pi 3 Model B; for deployment. 
For this case study an SSH shell was used and no additional 
graphical user interface was developed. In the Integration Layer 
were implemented: Modbus/TCP and RESTful; able to control 
100% of the controllable resources available. The proposed 
algorithm for generation and consumption balance; of Section 
III; was integrated in the Energy Management Layer. The 
optimization runs locally inside the Computational Layer (i.e. 
the Raspberry Pi 3 Model B processing unit). 

 
Figure 4. Case Study Implementation 

For this case study was used an office with photovoltaic 
generation located in Portugal. The office has a total of 2.1 kW 
photovoltaic generation that can be used for self-consumption. 
For the purposes of this case study, the office was divided into 
5 hierarchical zones; as seen in Figure 5. Table 1 lists the 
resources with individual monitoring in each zone as well as 
their control type and consumption/generation power. Besides 
these resources with individual monitoring, the office has a total 
of 270 W general uncontrollable consumption that corresponds 
to two desktop computers, four monitors and one laptop. This 
consumption is measured in real-time using one energy 
analyzer in the office’s electrical board. 

Table 1. Resources description 

Zone Resource 
Monitoring 
Technology 

Control 
Type 

Control 
Technology 

Power 
(W) 

1 Photovoltaic Energy Analyzer none none 2,100 

2 

Lamp 2.1 Energy Analyzer variable DALI 100 

Lamp 2.2 Energy Analyzer variable DALI 100 

Lamp 2.3 Energy Analyzer variable DALI 100 

3 Refrigerator EnAPlug [35] none* EnAPlug 120 

4 

Lamp 2.4 Energy Analyzer variable DALI 100 

Heater TP-Link HS110 discrete 
TP-Link 
HS110 

1,000 

5 

Lamp 4.1 Energy Analyzer variable DALI 100 

Lamp 4.2 Energy Analyzer variable DALI 100 

Television 
EDIMAX 

Smart Plug 
variable 

EDIMAX 
Smart Plug 

135 

* has on/off control but is not used in this case study 

Many of the resources in Table 1 use energy analyzers for 
consumption monitoring. These energy analyzers are connected 
to a main programmable logic controller (PLC) located in the 
office’s electrical board. The communication between the PLC 
and the energy analyzers is done using Modbus/RTU protocol. 
Despite this high cost installation, the case study also uses smart 
plugs available on the market, such as TP-Link HS110 and 
EDIMAX Smart Plug. The Environment Awareness Smart 
Plug proposed in [35] is also used to combine energy metering 
with context data. 



 

 

Figure 5 shows the representation of the office divided in 5 
zones where there are 2 working desks – Zone 4 and 5 – and 2 
common areas – Zone 2 and 3. Zone 1 represents the main/root 
zone with the generation resource. The zones are hierarchical 
where each one has a ‘parent’ zone and where zone 1 is 
considered the root zone – i.e. without parent. 

The resources’ priorities; represented by 𝑊𝑖
𝑣𝑎𝑟  and 𝑊𝑖

𝑑𝑖𝑠 in 
equation (5); are calculated in real-time using equations (1) and 
(3); depending on the resource type. Sensors were installed in 
the office in order to provide data to be used in equations (1) 
and (3). Table 2 presents the sensors installed. Sensors of zone 
3 are the ones inside EnAPlug. The keyboard and mouse 
sensors used in zones 4 and 5 were developed in Java. This 
software uses a connection with an Arduíno Nano; installed in 
the working desk; that has a luminosity sensor and a movement 

sensor. The combination between keyboard, mouse and 
movement sensor identifies the use of the working place. 

Table 2. Sensors description 

Zone Sensor Units 

3 

Refrigerator temperature º C 

Refrigerator humidity % 

Temperature º C 

4 

Ambient light Lux 

Movement [0,1] 

Keyboard [0,1] 

 Computer mouse [0,1] 

5 

Ambient light Lux 

Movement [0,1] 

Keyboard [0,1] 

 Computer mouse [0,1] 

 

Figure 5. Office’s zones and loads

The sensors are used as inputs for the real-time contextual 
resources’ priorities defined in Section II which in turn are used 
as inputs for the balancing algorithm defined in Section III. The 
sensor integration, resource integration and optimization are 
processed in a Raspberry Pi 3 Model B using the agent-based 
architecture proposed in Section IV. 

The real-time contextual resources’ priorities use users’ 
preferences; that in this case study are divided by zones. The 
users’ preference for temperature is 24º C for Zone 4 – that is 
the only zone with a heater. The users’ preference for ambient 
light is 500 lux for Zones 4 and 5 and 280 lux for Zone 2. The 
elasticity values are set to 0, meaning that all the preferences 
should be strictly obeyed by the system. Regarding the smooth 
value, in this case study, a smooth value of 70 was used for light 
resources, and a smooth value of 4 was used for heating and 
cooling resources. 

To provide a real deployment of the system, some rules had to 
be implemented. These rules aim the efficient deployment of 
the optimization algorithm considering real-time environments. 
Table 3 lists the restrictions and conditions implemented. In the 

scope of this paper, restrictions are rules that must be true for 
the algorithm to be executed, where all of them must be true – 
if at least one is false, then the algorithm will not be executed. 
Conditions are, in the scope of this paper, rules that when true 
activate the algorithm, where at least on of then must be true – 
if at least one is true, then the algorithm will be executed. 

In Table 3, 𝑐𝑜𝑛𝑠𝑢𝑚𝑝𝑡𝑖𝑜𝑛 is the total office’s consumption, 
𝑓𝑙𝑒𝑥𝑖𝑏𝑖𝑙𝑖𝑡𝑦 is the total consumption of the controllable resources – the 
maximum consumption that can be decreased  –, 𝑔𝑒𝑛𝑒𝑟𝑎𝑡𝑖𝑜𝑛 is the 
total photovoltaic generation and the 𝑙𝑎𝑠𝑡𝐸𝑥𝑒𝑐𝑢𝑡𝑖𝑜𝑛 represents the 
algorithm’s last execution timestamp.  

Table 3. Rules for Algorithm Execution 

Type Rule 

Restriction 𝑐𝑜𝑛𝑠𝑢𝑚𝑝𝑡𝑖𝑜𝑛 − 𝑓𝑙𝑒𝑥𝑖𝑏𝑖𝑙𝑖𝑡𝑦 < 𝑔𝑒𝑛𝑒𝑟𝑎𝑡𝑖𝑜𝑛 ×
0.95  

Restriction 𝑙𝑎𝑠𝑡𝐸𝑥𝑒𝑐𝑢𝑡𝑖𝑜𝑛 ≥ 4 𝑠𝑒𝑐𝑜𝑛𝑑𝑠  

Condition 𝑐𝑜𝑛𝑠𝑢𝑚𝑝𝑡𝑖𝑜𝑛 > 𝑔𝑒𝑛𝑒𝑟𝑎𝑡𝑖𝑜𝑛  

Condition 𝑐𝑜𝑛𝑠𝑢𝑚𝑝𝑡𝑖𝑜𝑛 < 𝑔𝑒𝑛𝑒𝑟𝑎𝑡𝑖𝑜𝑛 × 0.8  



 

 

Condition 𝑙𝑎𝑠𝑡𝐸𝑥𝑒𝑐𝑢𝑡𝑖𝑜𝑛 ≥ 1 𝑚𝑖𝑛𝑢𝑡𝑒  

The rules of Table 3 are verified each second. Therefore, the 
reaction of the algorithm to sudden generation and/or 
consumption variations is not immediate. The algorithm can 
take until 2.4 seconds to be executed – 1 second representing 
the energy data reading period, 0.4 seconds representing the 
timeout used in the energy data reading communications, and 1 
second for the agent’s verification of Table 3 rules. The 
execution of the algorithm also takes 2 seconds and then the 
communication to resources’ must be done – with a timeout of 
0.4 seconds. Making a maximum reaction time of 4.8 between 
the generation and/or consumption variation and the office’s 
energy matching to be concluded. 

During deployment, the users requested the inclusion of a new 
rule for the heater to turn off automaticity if its priority is zero. 
In this case, the heater will be turned off when temperature is 
equal or bigger than 24º C; regardless the office context. 

VI. RESULTS AND DISCUSSION 

This section will present the results of the deployment 

described in the previous section. Two days where chosen to 

be presented in this paper. The complete data of these two 

days, as well as an additional cloudy day, are publicly publish 

in Zenodo platform under record 2565289 [36]. Figure 6 and 

Figure 7 show the results of total consumption (blue line), total 

generation (green line), energy bought from the grid (blue 

area), energy sold to the grid (green area) and the temperature 

of Zone 3 (yellow line); where the working desks are located – 

see Figure 5. The days were chosen having in mind the 

difference in the photovoltaic generation. 
The winter day has three distinct periods that stand out from the 
flat daily profile: from 10:42 to 12:32, from 12:32 to 13:33, and 
from 13:33 to 13:55. The first and third periods happen because 
of the heater. Has can be seen in Table 1, the heater has a 
significant consumption when compared with the remaining 
loads. The second period, that stands out, happens because the 
system executes the balancing algorithm proposed in Section 
III. During this period the system identifies the possibility to 
balance the consumption and generation and therefore starts 
executing the algorithm of Section III; turning off controllable 
loads that will not harm the users’ comfort. As previously 
stated, in the first restriction of Table 3, the balancing algorithm 
will only be executed in periods where is possible to have the 
total consumption lower than the generation; otherwise, no 
control over the loads are executed. 

During the summer day, presented in Figure 7, the system is 
able to keep the consumption balanced with the generation 
through the majority of the day; from 8:30 to 19:07. Around 
16:50 is possible to see the ability of the balancing algorithm to 
decrease and increase the office’s consumption, following the 
generation pattern. 

 
Figure 6. Winter day (12th of December of 2018) 

 
Figure 7. Summer day (9th of July of 2018) 

The real-time resource optimization was a success, especially 
for days where the generation was enough to support the office 
consumption demands – i.e. where generation was higher than 
consumption less flexibility. However, looking at the presented 
days, there is a strange situation with the temperature. Both 

days starts with temperatures near 20 ˚C and both of them turn 

on the heater when the users arrive to the office. However, in 
the winter day the heater stays on for 50 minutes, achieving a 

23.9 ˚C temperature, and in the summer day the heater stays on 

for 15 minutes, achieving a 21.2 ˚C temperature. The heater is 

turned off in three possible conditions: manually by the user 
(this did not happen), automatically because the temperature 

achieves 24 ˚C (this only happens in the winter day at 13:55), 

and automatically because the balancing algorithm decides to 
turn off the heater – if and only if the priority value of the heater 



 

 

allows this action. The reason the heater worked for 50 minutes, 
in the winter day, was because none of the previous conditions 
have been fulfilled; the users did not turn off the heater, the 

temperature did not achieve 24 ˚C and the algorithm was not 

executed because of the low generation value. And the reason 
the heater worked for 15 minutes, in the summer day, was 
because the algorithm was executed, and the heater’s priority 
value allowed the turned off of the heater. 

The overall results of this case study can be seen in Table 4 
where for each kWh bought from the grid was applied a 0.20 
EUR cost and for each kWh sold to the grid was applied a 0.10 
EUR profit; reflecting the current Portuguese consumer market. 
Is also possible to see that in the summer day the algorithm was 
executed 4,929 times; 3201% increase when comparing to the 
winter day. In the winter day – where the algorithm was 
executed 154 times – the energy cost for the building was 2.10 
EUR, while in the summer day the energy cost dropped to 0.27 
EUR. This was in fact a result incited by the balancing 
algorithm implemented in the proposed agent-based 
architecture using real-time contextual resources’ priorities. 

Table 4. Overall results 

 Winter day Summer day 

Generation (kWh) 1.910 10.053 
Consumption (kWh) 12.364 9.945 
Algorithm execution 154 4,929 
Outcome (EUR) 2.11 0.56 
Income (EUR) 0.01 0.29 
Daily energy (EUR) 2.10 0.27 

VII. CONCLUSIONS 

The application of demand side management and demand 
response programs in energy grids will enable the participation 
of small and medium players in the smart grid and microgrid 
contexts. However, this active participation will demand from 
end-consumers the ability to manage their own consumptions 
in an efficient, smart and autonomous way. This paper proposes 
three key components that enables small and medium player 
participation: a real-time contextual resources’ priority 
mechanism enabling the prioritization of individual resources 
in a building, a balance algorithm for generation and 
consumption enabling the resources optimization and reducing 
the energy bought from the grid while promoting auto-
consumption, and an agent-based architecture for demand side 
management enabling the necessary means for an actual 
participation of end-consumers. 

The proposed real-time contextual resources’ prioritization 
mechanism was implemented together with the proposed 
balance algorithm in the Energy Management Layer of the 
proposed agent-based architecture. The proposed architecture 
was then deployed in a small office in Portugal. This paper 
presents the main overall results of this deployment for a winter 
day and a summer day. 

The proposed real-time contextual resources’ prioritizations 
mechanism together with the proposed balance algorithm were 
able to be executed in real-time using a Raspberry Pi 3 Model 
B. No issues were detected in the contextual resources’ 
prioritizations mechanism, but they can occur if sensor data is 
missed or unable to be read. During the execution of the case 
study was noticed that the balance algorithm sometimes fails 

when not a feasible solution was found. Yet, this algorithm 
failure is handled by the software agent.  

The algorithm had a good performance, as shown in the results. 
However, one issue found in the real-time algorithm makes the 
execution of the algorithm unfeasible during sunny days with 
heavy passage of clouds. These days have a big impact in the 
photovoltaic generation, producing high fluctuations that will 
be reflected in the consumption, making the office to go from 
full consumption to lower consumption, and vice-versa, in few 
moments. This issue makes it unfeasible the use of the proposed 
algorithm during sunny days with heavy passage of clouds. 

Because the proposed agent-based architecture was 
successfully implemented in an office, new studies should 
follow to create an agent community representing a microgrid 
and/or a smart grid. This paper presents an individual 
deployment in an office, but the agent-based architecture 
supports community implementations where several agents 
communicate with each other in a cooperative or competitive 
mode. 
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