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Abstract: Since occupancy affects energy consumption, it is common to model and simulate occu-
pancy using simulation software. One drawback of simulation software is that it cannot provide
data transmission information from the sensors, which is essential for real-time energy monitoring
systems. This paper proposes an approach to integrating an occupancy model and a real-time
monitoring system for real-time modeling. The integration was performed by implementing a
model on embedded devices and employing an IoT-based real-time monitoring application. The
experimental results showed that the proposed approach effectively configured and monitored the
model using a smartphone. Moreover, the data generated by the model were stored in an IoT cloud
server for monitoring and further analysis. The evaluation result showed that the model ran per-
fectly in real-time embedded devices. The assessment of the IoT data transmission performances
yielded a maximum latency of 9.0348 s, jitter of 0.9829 s, inter-arrival time of 5.5085 s, and packet
loss of 10.8%, which are adequate for real-time modeling of occupancy-based energy consumption.

Keywords: occupancy; energy consumption; embedded system; IoT; modeling

1. Introduction

Monitoring energy consumption in a building is an essential tool for improving en-
ergy efficiency [1]. It provides the building manager with helpful information with which
to operate and maintain the building properly. Predictions of energy consumption in
buildings are needed during building planning [2] and can be used for building energy
performance assessments [3]. Since energy consumption is affected by the occupants’
behavior, occupancy-based energy consumption has become an extensive research topic
(4].

It is common to use a model to analyze occupancy-based building energy con-
sumption [3,5-8]. In [3], the building energy consumption was divided into two catego-
ries: basic energy consumption that represents constant electrical usage such as emer-
gency lamps and variable energy consumption that represents electrical usage affected
by occupants such as indoor lighting, air conditioning (AC), and plug load. In the model,
the variable electricity consumption was described by the probability function and the
Markov model.

A behavior occupant model used to control lighting in a building was proposed in
[5]. The model was simulated using the DeST (Designer’s Simulation Toolkit) software
[9]. A stochastic model [10] was used to estimate the occupancy, while the probability of
turning on and off the light adopted the model proposed in [11]. The AC usage proba-
bility model was developed based on a survey and continuous measurement of the res-
idents [6]. The energy consumption was measured using the DeST for model validation.
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The authors in [7] evaluated five occupant behaviors: lighting control, plug load
control, thermal comfort criteria, HVAC control, and window control. In the study, an
agent-based Occupancy Simulator [12], a web-based software simulator [13], was em-
ployed to simulate the occupants’ presence and movement. The occupants’” actions to
control the lighting and HVAC were based on the probabilistic models proposed by
[11,14]. The EnergyPlus [15] simulation software was employed to measure the energy
consumption generated from the models.

In [8], the Occupancy Simulator [12,13], EnergyPlus [15], occupant behavior func-
tional mockup unit (obFMU) [16,17], and AnyLogic [18] were integrated to simulate and
visualize the occupancy-based building energy consumption. The occupants’ behaviors,
such as turning the light on and off, opening windows, and using the AC, were simulated
using the obFMU. This exchanged the data with the Occupancy Simulator and the En-
ergyPlus. The visualization of the model employed the AnyLogic software.

Real-time building energy consumption monitoring has been developed in [1,19]. A
typical architecture of real-time energy consumption monitoring systems consists of the
perception, network, and application layers. The early systems [19-21] employed a wired
network such as RS485 Fieldbus [19,20] for the data communication between the meas-
urement sensors in the perception layer and the internet gateway in the network layer.
Recently, Wireless Sensor Network (WSN) and Internet of Things (IoT) technologies have
become commonly adopted [22,23].

In [22], a WSN using the Zigbee protocol was developed for the occupancy-based
energy management and monitoring system in a campus building. In the system, passive
infrared (PIR) and infrared (IR) sensors were used as the occupancy detector for control-
ling the lights, while the temperature and humidity sensors were used as the ambient
detector for controlling the AC and fan.

Energy monitoring systems based on smart plugs were proposed in [1,24]. A smart
plus is a smart device usually equipped with a Wi-Fi module to measure and monitor the
energy consumption from the electrical plug/outlet. The monitored data are sent to a
cloud server or a monitoring device such as a smartphone. Several popular commercial
smart plugs are [24]: D-Link DSP-W215, Edimax SP-2101W, TP-Link H5100, and HS110.
An energy monitoring system called the iPlug system was developed in [1]. It consists of
iPlug hardware for measuring energy, iPlug Web that allows the user to monitor the data
via a website, and iPlug Mobile that enables the user to monitor the data via a
smartphone. In [24], EnAPlugs were developed to have a greater number of sensors than
in existing smart plugs. The EnAPlug provided the modules for energy measurement
and environment sensors such as humidity and temperature sensors.

Using simulation software, we can simulate and measure building energy con-
sumption efficiently. The user can change the parameters and algorithms and then
evaluate them quickly. However, the monitoring and evaluation results of the simulation
software are not real results in the sense that they do not take into account data trans-
mission delays or the data transmission loss from the sensors. On the other hand, re-
al-time energy monitoring applications work with real devices. These cannot interface
with the simulation software. In other words, we cannot use real-time energy monitoring
applications to display and visualize the data generated by simulation software. Moreo-
ver, we cannot use simulation software models as input data generators for testing re-
al-time energy monitoring application systems.

We propose a system to integrate the occupancy-based building energy consump-
tion model with a real-time monitoring application to overcome the drawbacks men-
tioned above. The integration was achieved by implementing the occupancy-based
building energy consumption model on an embedded device and employing an
IoT-based real-time monitoring application. The proposed system offers several ad-
vantages:
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e  We developed a real-time application for energy monitoring and tested it using the
proposed model.

e  Since the model was implemented on an embedded device equipped with Wi-Fi
communication, it was suitable for the actual situation in the campus building where
Wi-Fi is available in almost all areas.

e  Since each embedded device modeled a room’s energy consumption, it can be ex-
tended to cope appropriately with a more extensive system.

e  Since the embedded device was IoT-enabled, it could adopt the existing IoT appli-
cations for easy monitoring and data logging.

e  The proposed embedded model was developed to enable the user to change the
model parameter from a smartphone.

The rest of the paper is organized as follows: Section 2 presents the details of the
proposed system. Section 3 discusses the experimental results. The conclusions are cov-
ered in Section 4.

2. Proposed System
2.1. Overview of Proposed System

The proposed system is a real-time simulation system that integrates the real and
simulation systems, as illustrated in Figure 1. In the real system, the energy meters sen-
sors are used to measure the energy consumption of the building. The sensors sense the
environment and electrical parameters of the building, such as the room occupancy, the
status of electrical appliances, the room temperature and humidity, and the status of
windows and blinds opening. These instruments send data to the cloud server using
wireless or wired networks. On the server side, an energy management system is de-
veloped to manage and monitor the energy in the building. A web application and mo-
bile application are provided to the users for easy access to the information.

As illustrated on the right-top side of Figure 1, simulation software simulates en-
ergy management in the simulation system. Since it is a simulation program, it does not
provide a real-time application to the users. Thus, we cannot evaluate a more funda-
mental issue such as delay time and data loss, which affect the system’s performance.
However, using the simulation system, we may simulate and test several algorithms and
scenarios.

In this work, we propose a real-time simulation system that integrates the simula-
tion features with the real-time capability, as illustrated in the bottom side of Figure 1.
The main contribution of our work is in the development of an embedded platform to
implement the occupancy-based energy consumption simulator, as shown in the figure.
The main benefit of our approach is that we may simulate several algorithms related to
occupancy-based energy management with real-time interfacing to the existing IoT sys-
tems.

To provide a clear description between the existing simulators, real systems, and our
proposed system, we make a comparison as given in Table 1. As shown in the table, our
approach is the integration of simulation and real-time systems.
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/ Energy monitoring system \

Web application Mobile application

Cloud server / \

\ Real System / \ Simulation System /

Occupancy-based energy

consumption simulator

Embedded platform

\ Proposed Real-time Simulation System/

Figure 1. Proposed real-time simulation system.

Table 1. Comparison between existing and proposed systems.

Software Simulation Real-Time System
Model Dashboard Monitoring System Hardware Platform
Ref. Occupant Energy Web Mobile Desktop Sensor Communica-
Occupancy . Consump- . . . . . .
Behavior tion Application Application Application Systems tion Protocol
DesT [9] \
Occupancy N
Simulator [13]
EnergyPlus [15] \
obFMU [17] \
[8] \ \ \
[1] \ \ SmartPlug Wi-Fi
[19] \ Energy meters  RS-485
[22] v Smart sensors Zigbee
[24] \ SmartPlug Wi-Fi
Proposed \ \ \ l \ Embedded Wi-Fi

simulator
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In this paper, we address and evaluate several issues:

e The effect of the random numbers that are used in the occupancy-based model. Since
the model uses a random number, it will be a different value each time the simula-
tion runs. Therefore, to provide a consistency of the model, the effect of this random
number should be examined.

e  The compatibility of the proposed embedded simulator with the IoT applications.
To configure and monitor the implemented model on the embedded system, the
IoT-based applications are adopted, i.e., the Blynk and ThingSpeak applications. The
purpose of using these applications is to prove that the proposed embedded model
is compatible with the IoT platforms.

e  The comparison of occupant behavior models. In the occupancy-based energy con-
sumption simulator, the energy consumption in the building relies on the occupant’s
behavior to control the electrical appliances. Therefore, we should analyze the im-
pact of the models.

e  The IoT data transmission such as latency, jitter, and packet loss. We measure the
data transmission parameters to evaluate the reliability of the proposed real-time
simulator in a real-time environment.

2.2. Architecture

The architecture of the proposed system is illustrated in Figure 2. In this work, we
address occupancy-based energy consumption in the main rooms of a campus building,
i.e., Office room, Administration room, Classroom, Lecturer room, and Laboratory room.
However, the model can be extended to cope with the other rooms in the building. As
shown in the figure, each room contained lighting, AC, plug load, and occupancy mod-
els. The models were implemented on an Arduino Nano 33 IoT [25], an embedded device
equipped with a Wi-Fi module, easily configured to build an IoT application. It is worthy
to note that Wi-Fi communication was widely available in the campus building. Thus, the
proposed model can easily be adopted for actual application.

IoT technology was adopted to monitor and configure the models implemented on
the embedded devices. The benefits of using the IoT platform are:

¢  The model parameter can be configured easily from a smartphone.

e  The model can be monitored remotely through the internet.

¢ The data generated during the model simulation can easily be stored in the IoT
cloud server for further analysis.

e  The developed IoT-based energy monitoring system is applicable for real-time im-
plementation.

Two IoT platforms were employed: Blynk [26] and ThingSpeak [27]. Blynk was em-
ployed due to the easy development of the smartphone application. Thus, it was used for
setting and configuring the models and as an instant monitoring application, while
ThingSpeak was used for long-term data monitoring and storage. As shown in Figure 2,
the models were connected to the Blynk cloud server, and then Blynk sent the data to
ThingSpeak. The detailed configuration of the IoT-based monitoring system is described
in the next section.
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Figure 2. Architecture of proposed system.

2.3. Occupancy-Based Energy Consumption Model

Figure 3 illustrates the model of occupancy-based energy consumption in the cam-
pus building. The model was applied in all the rooms described in Figure 2. It consists of
five main components: (a) electrical appliances, (b) room environments, (c) occupancy
model, (d) occupant behavior model, and (e) energy consumption measurement. Only
three typical electrical appliances in the campus building were considered, i.e., the
lighting, AC, and the plug load. The plug load can be used by appliances such as com-
puters, printers, and LCD projectors. The room environments were room temperature,
which affects the operation of the AC, and room illumination, which affects the operation
of the lighting. The occupancy model was used to model the presence of an occupant in
the room. Meanwhile, the occupant behavior model was used to model the occupant’s
action of switching the electrical appliances on or off. The energy consumption meas-
urement was used to calculate and monitor the consumed energy in the room.
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Figure 3. Block diagram of occupancy-based energy consumption model.

In the occupancy model, the presence of an occupant in the room was determined by
its cumulative distributive function [12]. Since the cumulative distributive function
(CDF) is calculated from the probability density function (PDF), the user should provide
a PDF for each presence activity in the room. The presence activity included arrival at
campus, departure from campus, lunch break, and short-term absence (teaching, lunch
breaks, and other absences). The PDF of an activity was defined based on the time, dura-
tion, and variations given in Table 2.

Table 2. Data input of the presence activity.

Activity Data Input Room
. . . . L. Office room, Administration
Arrival Time of arrival, time variation
room, Lecturer room
. . Lo Office room, Administration
Departure Time of departure, time variation
room, Lecturer room
. Teaching time, time variation, duration, du-  Office room, Lecturer room,
Teaching . .
ration variation Classroom, Laboratory room
Lunch break Lunchtime, time variation, duration, dura- Office room, Administration
unch brea . ..
tion variation room, Lecturer room
Other leavi Absence time, time variation, duration, du- Office room, Administration
er leaving

ration variation

room, Lecturer room

The occupancy model for the arrival and departure was determined as follows:

1. Calculate the PDF (normal distribution) using the following formula:

— N2
PDF(x) = —— e 35

@

where u is the mean of arrival time (or departure time); o is the standard deviation,
i.e., the time variation of arrival time (or departure time).

2. Calculate the CDF using the following formula:
CDF(x) = ¥*,PDF(i),

3. Generate a random number (RND) between 0 and 1.
4. Find the time k, where CDF(k) = RND.

)
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5. The time k is defined as the time when the occupant is present (absent) in the room.

The occupant model for teaching, lunch, and other absence was determined simi-
larly, where the above procedure was applied for both the time and duration. The
lunchtime and absence time obtained by the previous method determined the start time
of the occupant’s absence from the room (all the rooms). The teaching time determined
the start time of the occupant’s absence from the Office room and the Lecture room, while
it determined the start time of the occupant’s presence in the Classroom and Laboratory
room.

Once the occupant’s status in the room was determined, the occupant’s behavior
was modeled. We examined two models of occupant behaviors, namely Model-A and
Model-B, as described in the following:

2.3.1. Model-A

Model-A is a simple model, where the occupant control is based on the occupant
status in the room, as follows:

. When the occupant is present in the room, the light is switched on; otherwise, it is
switched off.

e When the occupant is present in the room, the AC is switched on; otherwise, it is
switched off.

e When the occupant is present in the room, the plug load power is 100%; otherwise,
the plug load power is 0%.

2.3.2. Model-B

The occupant control in Model-B is based on the room conditions and the probabil-
ity of switching the appliances on or off, as proposed in [7,11,14]. The model is described
as follows:

e When the occupant is present, and the room illumination is lower than a threshold,
the light is switched on according to the following probability function:
u1-x\k1
P, = {1 _ e_Ar(T) ,x <ul )
0, x>ul

where u1 is the threshold for illumination to switch on the light, L1 is the scale of the
function, k1 is the slope of the function, x is the room illumination, and At is time
interval.

e  When the occupant is present, and the room illumination is greater than a threshold,
the light is switched off according to the following probability function:
x—u2z\k2
Prosy = {1 B e_AT( ) X Zu2, 4)
0, x <u?2

where u2 is the threshold to switch off the light, L2 is the scale of the function, k2 is
the slope of the function, x is the room illumination, and At is time interval.
e When there is no occupant, the light is switched off.

e  When the occupant is present, and the room temperature is greater than a threshold,
the AC is switched on according to the following probability function:
T-u3\K3
PACon - {1 B e_AT(T) ’T = US, (5)
0, T<u3

where 13 is the threshold for the temperature to switch on the AC, L3 is the scale of
the function, k3 is the slope of the function, T is the room temperature, and At is time
interval.
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e When the occupant is present, and the room temperature is lower than a threshold,
the AC is switched off according to the following probability function:

_M(ﬂ)’“
Pacoss = {1 —e . ;4> u;LT < u4, (6)

where 14 is the threshold for the temperature to switch off the AC, L4 is the scale of
the function, k4 is the slope of the function, T is the room temperature, and At is time
interval.

e When there is no occupant, the AC is switched off.

° When the occupant is present in the room, the plug load power is 100%; otherwise,
the plug load power is 30% [7].

2.4. IoT-Based Monitoring System
2.4.1. IoT System Configuration

As described previously, we integrated two IoT platforms—Blynk and Thing-
Speak—for different purposes. Blynk was used to configure and monitor the models
from a smartphone. ThingSpeak was used for data collection and storage. The data
communication between an embedded device, Blynk, and ThingSpeak is illustrated in
Figure 4. The data were sent from Blynk to the Arduino Nano 33 IoT in the configuration
mode using the Blynk protocol. Whereas, in the monitoring mode, the data were sent
from the Arduino Nano 33 Iot to Blynk using the Blynk protocol. Then, Blynk forwarded
the data to ThingSpeak using a Webhook API (Application Programming Interface).

Webhook API i
eohook AXS ThingSpeak

server

Blynk protocol
lBIynk protocol HTML protocol
Arduino Nano Blynk Application Web browser
33 loT Smartphone PC/Smartphone

— : Monitoring mode
— : Configuration mode

Figure 4. Data communication between embedded device, Blynk, and ThingSpeak.

The configuration of the whole IoT-based monitoring system is illustrated in Figure
5. ThingSpeak retrieves and stores the data in a channel. One channel consists of eight
fields, where each field holds one variable. In this work, one channel was used to monitor
and store the occupancy status and each appliance’s power and energy. Since there were
three appliances in one room, three channels were required, as shown in Figure 5. Thus,
fifteen channels were needed for the proposed system.
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Office room Administration room Lecturer room Classroom Laboratory room
Arduino Nano 33 Arduino Nano 33 Arduino Nano 33 Arduino Nano 33 Arduino Nano 33

IoT #1 IoT #2 IoT #3 IoT #4 IoT #5
(Main device) (Main device) (Main device) (Main device) (Main device)

Blynk Application
s Point-1 Device=#1to #5 evice = #1 to

ThingSpeak Dashboard
Channel-4to 6 Channel-7to 9 Cha

Access Point-2

o~
-~
-

P

Arduino Nano 33
IoT #6
(Bridge device)

Arduino Nano 33 Arduino Nano 33 Arduino Nano 33 Arduino Nano 33
IoT #8 IoT #10 IoT #12 IoT #14
(Bridge device) (Bridge device) (Bridge device) (Bridge device)

Arduino Nano 33 Arduino Nano 33 Arduino Nano 33 Arduino Nano 33
IoT #9 IoT #11 IoT #13 IoT #15
(Bridge device) (Bridge device) (Bridge device) (Bridge device) /

Arduino Nano 33
loT #7

\ (Bridge device)

Figure 5. IoT system configuration.

The data in each channel were updated by Blynk using the Webhook widget. Since
the widget can only make one request per second, 15 Webhook widgets were needed for
a real-time monitoring system. Each Webhook widget is triggered by an embedded de-
vice that sends the corresponding data to the Webhook (or ThingSpeak channel). How-
ever, it should separate an occupancy model of each room into several devices. To handle
such a problem, we utilized the bridge widget of Blynk. The bridge widget provides de-
vice-to-device communication through the Blynk server. Using this widget, we ex-
changed the data between the devices easily. Therefore, as shown in Figure 5, the Ar-
duino Nano 33 IoT modules were configured as the main and bridge devices. The main
device was used to perform an occupancy-based energy consumption modeling of a
room. A bridge device sends parts of the data to the Webhook for data forwarding to
ThingSpeak. There were five main devices, one device for each room, and ten bridge de-
vices were required to send all the monitored data to ThingSpeak. The arrangement of
the monitored data of the Office room model is given in Table 3. The other rooms were
arranged similarly.

Table 3. Arrangement of monitored data of the Office room model.

Arduino Nano 33 IoT Arduino Nano 33 IoT

(Main Device) (Bridge Device) Blynk ThingSpeak
Project name: Office room (Main) Channel name: Office (Lighting)
#1: Office room -C'onﬁ.guranon. :
-Lighting Monitoring

Lighting Power —Model-A Field-1: Lighting Power —Model-A




Electronics 2021, 10, 2307 11 of 25
Lighting Energy —Model-A Field-2: Lighting Energy —Model-A
Lighting Power —Model-B Field-3: Lighting Power —Model-B
Lighting Energy —Model-B Field-4 Lighting Energy —Model-B
-AC Monitoring
-Plug load Monitoring
Project name: Office— AC (Bridge) Channel name: Office (AC)
AC Power—Model-A Field-1: AC Power—Model-A
#6: Office Room (AC) AC Energy —Model-A Field-2: AC Energy—Model-A
AC Power—Model-B Field-3: AC Power—Model-B
AC Energy —Model-B Field-4 AC Energy —Model-B
Project name: Office—Plug (Bridge) Channel name: Office (AC)
Plug Power —Model-A Field-1: Plug Power —Model-A
#7: Office Room (Plug) Plug Energy —Model-A Field-2: Plug Energy —Model-A
Plug Power —Model-B Field-3: Plug Power —Model-B
Plug Energy —Model-B Field-4 Plug Energy —Model-B

Referring to Table 3, the Arduino Nano 33 IoT and the main project of the Blynk
application (Office room) stored the configuration data and all the monitored data of the
Office room model. However, only the occupancy data and the data related to the light-
ing were sent to the ThingSpeak channel: Office (Lighting). The data related to the AC
and plug load were shared with the bridge devices, Office room (AC) and Office room
(Plug), and then sent to the respective channel in ThingSpeak.

2.4.2. Hardware Implementation

The models were implemented on the Arduino Nano 33 IoT, a small embedded
system equipped with a Wi-Fi module. The Arduino Nano 33 IoT is based on an SAMD21
Cortex®MO0+ 32bit low-power ARM MCU with a clock speed of 48 MHz, a CPU Flash
Memory of 256 KB, and an SRAM of 32 KB. The Wi-Fi module supports 802.11b/g/n in
the 2.4 GHz ISM band.

As described previously, the Arduino Nano 33 [oT is categorized into the main de-
vice and bridge device. As shown in Figure 5, the main devices and bridge devices were
connected to the internet using the different access points (internet gateway). This ar-
rangement was based on the observation that connecting all 15 devices to the same access
point caused network overflow due to the frequently high traffic sent from the devices.
The photographs of the hardware prototypes are depicted in Figure 6. Figure 6a shows
the main device consisting of an Arduino Nano 33 IoT and an SDCard module. The
SDCard was used to save the configuration data and as a storage device for data logging
during the experiments. The main and bridge devices groups are shown in Figure 6b,c,
respectively.
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]
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annRlnaAr

“OFFICE
ROOM

| Lab-Bridge1

(@) (b) ()
Figure 6. Photographs of the hardware prototypes: (a) main device; (b) group of main devices; (c) group of bridge de-
vices.
3. Experimental Results
3.1. Configuration of the Model
For the experiments, the configuration data of each room are given in Table 4. The
data were configured and can be changed using the Blynk application. Once the data
were sent to the main device, they were saved to the SDCard. The configuration data
consisted of the model parameters, the room temperature and illumination, and the
simulation setting. Since the teaching time was scheduled weekly, the teaching time data
were provided from Monday to Friday. In this work, we assumed that the campus
building was utilized during office hours; thus, room temperature and illumination data
were provided from 06:00 to 17:00.
Table 4. Data and parameters of the models.
. Administration
Data/Parameter Office Room Room Lecturer Room Classroom Laboratory Room
Arrival time; variation (min) 08:00; 30 08:00; 30 08:00; 30 NA NA
Departure time; variation (min) 16:00; 30 16:00; 30 16:00; 30 NA NA
Lunchtime; variation (min); 1) 00 506015 12:00;30;60;15  12:00; 30; 60; 15 NA NA
Lunch duration; variation (min)
08:00; 20; 100; 30;  08:00; 20; 180; 30;
Monday 00:00; 00; 000; 00 NA 10:00; 10; 100; 30  10:00; 20; 100; 30; 13:00; 20; 180; 30;
13:00; 20; 150; 30 10:00; 00; 000; 00
09:00; 20; 150; 30; 00:00; 00; 000; 00;
Tuesday 09:00; 20; 150; 30 NA 00; 00; 00; 000; 00  13:00; 20; 150; 30; 00:00; 00; 000; 00;
Teaching time; 00:00; 00; 000; 00 00:00; 00; 000; 00
variation (min); 08:00; 20; 100; 30; 08:00; 20; 180; 30;
Teaching dura- Wednesday 00:00; 00; 000; 00 NA 09:00; 10; 100; 30  10:00; 20; 150; 30;  13:00; 20; 180; 30;
tion; variation 14:00; 20; 100; 30 10:00; 00; 000; 00
(min) 08:00; 20; 100; 30; 08:00; 20; 180; 30;
Thursday 00:00; 00; 000; 00 NA 13:00; 10; 150; 30  10:00; 20; 100; 30; 13:00; 20; 180; 30;
14:00; 20; 100; 30 10:00; 00; 000; 00
08:00; 20; 100; 30; 00:00; 00; 000; 00;
Friday 00:00; 00; 000; 00 NA 00:00; 00; 000; 00  14:00; 20; 100; 30;  00:00; 00; 000; 0O0;
00:00; 00; 000; 00 00:00; 00; 000; 00
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Leaving time; variation (min);

09:00; 30; 060; 30; 09:00; 30; 090; 30;

Teaching duration; variation 09:00; 30; 090; 30; 40 NA NA
. e 10 20

(min); probability (%)
Time: 6h 25.00; 000.00 25.00; 000.00 25.00; 000.00 25.00; 000.00 25.00; 000.00
Time: 7h 25.00; 000.00 25.00; 000.00 25.00; 000.00 25.00; 000.00 25.00; 000.00
Time: 8h 25.50; 000.00 25.50; 000.00 25.50; 000.00 25.50; 050.00 25.50; 000.00
Time: 9h 28.00; 000.00 28.00; 000.00 28.00; 000.00 28.00; 100.00 28.00; 000.00
Time: 10h 28.00; 000.00 28.00; 000.00 28.00; 000.00 28.00; 100.00 28.00; 000.00

Room tempera- - . . . . A

ture (°C); Room Time: 11h 29.00; 000.00 29.00; 000.00 29.00; 000.00 29.00; 100.00 29.00; 000.00

. . Time: 12h 29.00; 000.00 29.00; 000.00 29.00; 000.00 29.00; 100.00 29.00; 000.00

illumination (lux) -
Time: 13h 30.00; 000.00 30.00; 000.00 30.00; 000.00 30.00; 100.00 30.00; 000.00
Time: 14h 28.00; 000.00 28.00; 000.00 28.00; 000.00 28.00; 100.00 28.00; 000.00
Time: 15h 27.00; 000.00 27.00; 000.00 27.00; 000.00 27.00; 050.00 27.00; 050.00
Time: 16h 25.00; 000.00 25.00; 000.00 25.00; 000.00 25.00; 050.00 25.00; 050.00
Time: 17h 24.00; 000.00 24.00; 000.00 24.00; 000.00 24.00; 000.00 24.00; 000.00

Parameters for AC control: u3;
L3; k3; u4; L4; k4

27.75;15.87;2.22; 27.75;15.87;2.22; 27.75;15.87;2.22; 27.75;15.87;2.22;
30.25; 152.88; 1.30 30.25; 152.88; 1.30 30.25; 152.88; 1.30 30.25; 152.88; 1.30

27.75; 15.87; 2.22;
30.25; 152.88; 1.30

25.00; 430.00;
Parameters for lighting control: 30950009'1;’500009’ 27.75;15.87; 2.22, 27.75;15.87;2.22, 27.75;15.87;2.22; 27.75; 15.87; 2.22;
ul; L1; k1; u2; L2; k2 BN T 30.25; 152.88; 1.30 30.25; 152.88; 1.30 30.25;152.88; 1.30  30.25; 152.88; 1.30
2300.00; 1.30
Simulation start time; time in-
18:00; 05 18:00; 05 18:00; 05 18:00; 05 18:00; 05

terval (A1) (min)

The Blynk application for configuring the Administration room model is depicted in
Figure 7. The application for the other rooms was similar. Since the application is run on
a smartphone connected to the internet, it is worthy to note that the model can be con-
figured remotely and efficiently. Thus, it provides an efficient way for simulating the
model. Further, we can extend it to a real-time simulation system. In this case, the model
was implemented on the embedded hardware, which acted as the server; then, users can
configure and simulate the model remotely via the internet.

25-152.88-1.30

0-175.00-2300.00-1.30

Figure 7. Blynk application for configuring the models.
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The simulation setting shown in Figure 7 was used to set the simulation start time
and the time interval. The simulation start time defined the time when all embedded de-
vices started to run the model. Since the date and time of each device were synchronized
by the Blynk cloud server, it enabled all models to run synchronously. The time interval
represents real-time sampling for the data collection and processing of the energy con-
sumption. A time interval of 20 min means that the occupancy data and energy con-
sumption were calculated every 20 min.

3.2. Blynk and ThingSpeak Applications

Besides configuring the model, the Blynk application was also developed to monitor
the models implemented on the embedded devices. It monitors the occupancy status, the
power, and energy consumed by the appliances. At the top of the application display, the
current date and time information, the simulation step, and the simulation day and time
are displayed. This helps users to monitor and examine the models in real time.

Figure 8 shows the monitoring display of the Lecturer room, where the pictures on
the left and right sides are the monitoring displays of the lighting and AC, respectively.
As shown in the figure, both Model-A and Model-B are displayed. Several GUI widgets
such as the status bar, LED indicators, and gauges were used to display the status and
values of the monitoring variables. The bright colors of the widgets shown in the right
picture indicate the ON status (or occupied), while the dark colors in the left are the OFF
status (or unoccupied). The status bar and LED represent the occupant’s status and the
appliance (lighting or AC) in the room, respectively. Meanwhile, the gauges display the
power consumption. The energy consumptions are shown as the numeric displays.

450.000w

Figure 8. Blynk application for monitoring the models.
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Figure 9 shows the Web display of the ThingSpeak IoT platform, where the moni-
tored variables of the energy consumption in the Office room are displayed in line charts.
Figure 9a,b show the line charts of the lighting power and energy of Model-A and Mod-
el-B, respectively. The time displayed in the figure is the timestamp of the data logging
(real-time) by ThingSpeak. As shown in the figure, the patterns of lighting power and
energy in Model-A differed from those in Model-B due to the different methods de-
scribed previously. A detailed evaluation of the models is discussed in the next section.

50

Lighting Power-A

Lighting Power-B

50

= =

0 0

05:56 05:57 05:58 05:59 06:00 05:56 05:57 05:58 05:59 06:00

Time Time
ThingSpeak.com ThingSpeak.com
Lighting Energy-A Lighting Energy-B
. 1400

= =
= =

0k

1200

05:40 05:50 06:00 05:56 05:57 05:58 05:59 06:00
Time Time
ThingSpeak.com ThingSpeak.com
(a) (b)

Figure 9. Line chart display for ThingSpeak: (a) lighting power and energy of Model-A; (b) lighting power and energy of

Model-B.

3.3. Evaluation of Occupancy-Based Energy Consumption Model
3.3.1. Evaluation of Occupancy Model

To evaluate the occupancy model, we simulated the models during five days
(Monday to Friday) using the data and parameters given in Table 4. Since the occupancy
was calculated using a random number, the results were different for each simulation.
Therefore, we ran the simulation twice for the evaluation. The simulation results of the
occupancies are illustrated in Figure 10, where the first simulation results are called Tri-
al-1, indicated with the solid lines. The second simulation is called Trial-2, displayed with
the dashed lines. Figure 10a—e show the occupancy of the Office room, Administration
room, Lecturer room, Classroom, and Laboratory room, respectively.
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Figure 10. Simulation results of the occupancy model: (a) Office room; (b) Administration room; (c) Lecturer room; (d)
Classroom; (e) Laboratory room.

Figure 10 shows that the two simulations (trials) occupancies in each room were
different, as predicted. However, the arrival time, absence time, teaching time, lunchtime,
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and departure time followed the ranges given in Table 4. Observing Figure 10d, the
number of occupied slot times in a day conformed to teaching sessions on the corre-
sponding day; for instance, there were two occupied slot times on Friday (rightmost line
chart in Figure 10d that represent two class sessions. Figure 10e shows that there was no
occupancy on Tuesday and Friday in the Laboratory room, which confirms the Labora-
tory usage given in Table 4.

To examine the effect of time intervals on the occupancy model, we examined the
model using different time intervals: 5 min, 10 min, 15 min, and 20 min. The occupied
time during five days of Trial-1, Trial-2, and their variations are listed in Table 5. As
shown in the table, several findings were obtained:

e  The variation in time intervals did not significantly affect the occupied time gener-
ated by the model in the sense that increasing/decreasing occupied time was not
dependent on the interval. The variation of occupied time was more affected by the
simulation trials.

e  The maximum variation in the occupied time between Trial-1 and Trial-2 was 360
min, which was obtained in the Office room. Recalling the configuration data in Ta-
ble 4, the total variations in the arrival time, departure time, lunch duration, and the
teaching duration were 450 min (during five days). This result shows that the de-
veloped model appropriately generated the occupancy according to the given con-
figuration data.

Table 5. Results of occupancy using different time intervals.

Occupied Time during 5 Days (Min)

Office Admin. Lecturer Classroom Laboratory

Trial-1 1690 1820 1665 1535 1075

Time interval = Trial-2 1860 1805 1710 1325 1050

5 min Average 1775 1812.5 1687.5 1430 1062.5
Variation 170 15 45 210 25
Trial-1 1780 2030 1800 1420 880
Time interval = Trial-2 1720 1970 1860 1520 930
10 min Average 1750 2000 1830 1470 905
Variation 60 60 60 100 50
Trial-1 1980 2100 1875 1140 915

Time interval = Trial-2 1620 1845 1830 1305 1110

15 min Average 1800 1972.5 1852.5 1222.5 1012.5
Variation 360 255 45 165 195
Trial-1 1900 1820 1720 1260 960
Time interval = Trial-2 1820 2120 1760 1040 860
20 min Average 1860 1970 1740 1150 910
Variation 80 300 40 220 100

3.3.2. Evaluation of Occupant Behavior

To evaluate the occupant behavior model, we examined the energy consumption of
Model-A and Model-B. We explored the effects of the simulation trials, the variation of
the time intervals, and the comparison of Model-A and Model-B. To provide a clear ex-
planation, we only examined the Office room and Classroom without loss of generality.
Due to a similar characteristic, the Office room, Administration room, and Lecturer room
were represented by the Office room, while the Classroom represented the Laboratory
and Classroom.

The simulation results of energy consumptions in the Office room and Classroom
for the different simulation trials and time intervals are depicted in Figures 11 and 12,
respectively. In the figures, the blue, red, and green denote the energy of Trial-1, Trial-2,
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and their average. The simulation results of Model-A are shown on the left side, while the
results of Model-B are on the right side. The simulation results are displayed in each
model for 5, 10, 15, and 20 min time intervals.

Office Room-Lighting Energy

3000
= 2500
% 2000
) 1500
g 1000
= 500
0
5min | 10 min | 15 min | 20 min | 5min | 10 min | 15 min | 20 min
Model-A Model-B
M Trial-1 2253 2373 2640 2533 1207 1320 1400 1280
M Trial-2 2480 2293 2160 2427 1320 1133 1220 1360
m Average| 2367 2333 2400 2480 1263 1227 1310 1320
(a)
Office Room-AC Energy
16,000
14,000
= 12,000
£ 10,000
g 8000
) 6000
] 4000
2000
0
10 min | 15 min | 20 min | 5 min | 10 min | 15 min | 20 min
Model-A Model-B
M Trial-1 12,675 | 13,350 | 14,850 | 14,250 | 5850 7350 7313 5700
B Trial-2 | 13,950 | 12,900 | 12,150 | 13,650 | 8213 6075 3038 4200
m Average| 13,313 | 13,125 | 13,500 | 13,950 | 7031 6713 5175 4950
(b)
Office Room-Plug Load Energy
25,000
= 20,000
E 15,000
%5 10,000
& 5000
0
5min | 10 min | 15 min | 20 min | 5min | 10 min | 15 min | 20 min
Model-A Model-B
M Trial-1 11,267 | 11,867 | 13,200 | 12,667 | 22,310 | 22,753 | 23,710 | 23,360
B Trial-2 | 12,400 | 11,467 | 10,800 | 12,133 | 23,103 | 22,473 | 22,030 | 22,987
W Average | 11,833 | 11,667 | 12,000 | 12,400 | 22,707 | 22,613 | 22,870 | 23,173

(c)

Figure 11. Energy consumption in the Office room: (a) lighting energy; (b) AC energy; (c) plug load

energy.
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Classroom-Lighting Energy

7000
6000
=
2
B
8 3000
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Model-A Model-B
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(0)

Figure 12. Energy consumption in the Classroom: (a) lighting energy; (b) AC energy; (c) plug load

energy.

To evaluate the effect of the time interval on the calculation of the energy consump-
tion, we examined the average values of Trial-1 and Trial-2 (green bars in Figures 11 and
12). Since the operation of the appliances in Model-A was directly related to the occu-
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pancy status, the average occupied times given in Table 5 were considered in the evalu-
ation. The evaluation results are as follows:

The left sides of Figure 11 show that the average energies of the appliances in the
Office room increased slightly when the time interval increased from 5 min to 20
min. This was caused by the Office room’s occupied time only changing slightly
when the time interval increased, as given in Table 5.

Similar to the first result, the average energies in the Classroom of Model-A, shown
on the left sides of Figure 12, decreased slightly when the time interval increased.
This followed the decrement of the average occupied time of the Classroom given in
Table 5.

To evaluate the effect of the time interval on the calculation of the energy consump-

tion in Model-B, we examined the probability functions of switching the appliances on or
off, as described in Section 2.3.2. The evaluation results are as follows:

The right sides of Figures 11a and 12a show that the average energies of the lighting
increased slightly when the time intervals increased. It can be analyzed from the
given data that the probability of switching on the lighting was slightly higher than
the probability of switching it off, and the increment in time interval increased the
probability. For instance, the Pron and Prost in 5 min were 0.55 and 0.54, respectively,
while the Pron and Prott in 20 min were 0.8 and 0.79, respectively.

The right sides of Figures 11b and 12b show that the average energies of the AC de-
creased significantly when the time intervals increased. It can be analyzed the given
data that the probability of switching on the AC was higher than the probability of
switching it off, and the increment in time interval increased the probability. For in-
stance, the Pacon and Pacort in 5 min were 0.1 and 0.99, respectively, while the Pacon
and Pacotf in 20 min were 0.33 and 1, respectively.

The right sides of Figures 11c and 12c show that the profiles of the average energies
of the plug load followed those on the left sides. This was caused by the similar al-
gorithm used in Model-A and Model-B for controlling the plug load. They differed
only in the consumed power during the unoccupied time. Therefore, the consumed
energy was not affected by the time interval.

To evaluate the behavior of the Model-A and Model-B in more detail, we compared

the profile of energy consumption as illustrated in Figure 13 for the Office room and
Figure 14 for the Classroom. In the figures, the blue line represents Model-Al (Model-A
in the first trial), the red line represents Model-B1 (Model-B in the first trial), the green
line represents Model-A2 (Model-A in the second trial), the black line represents Mod-
el-B2 (Model-B in the second trial). Both models use a time interval of 5 min.
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Figure 13. Profile of energy consumption in the Office room: (a) lighting energy; (b) AC energy; (c) plug load energy.
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Figure 14. Profile of energy consumption in the Classroom: (a) lighting energy; (b) AC energy; (c) plug load energy.

Figures 13 and 14 show clearly that each model’s profile is almost the same between
the first and second trials. It proved that the random number generated by the simulator
does not affect the result of the model. It is worthy that the profiles of Model-A do not
intersect with Model-B. Thus, we may distinguish Model-A and Model-B easily as de-
scribed in the following:

Figures 13a,b and 14a,b show that the energy consumption of the lighting and AC of
Model-A was higher than that of Model-B. This result complies with the algorithms of
models described in Sections 2.3.1 and 2.3.2. In Model-A, the light and AC will be
switched on when the occupant is present. It is regardless of the willingness of the oc-
cupant and the room conditions. On the contrary, in Model-B, the light and AC will be
switched on based on the room conditions and the occupant’s behavior. Therefore, the
energy consumption in Model-A will be higher than Model-B. Model-B is a more realistic
model that represents the actual situation, even though, in some conditions, Model-A
may be fitted. Observing the results suggests that the automatic control of the light and
AC systems based on the occupancy and room conditions may reduce the energy con-
sumption of the building significantly.

Meanwhile, Figures 13c and 14c show that the energy consumption of the plug load
of Model-A was lower than that of Model-B. This result was caused by the fact that, when
there was no occupant, the plug load power was 0% and 30% in Model-A and Model-B,
respectively. Both models may fit the actual conditions, where Model-A is suitable for a
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standard building with a few electrical appliances. At the same time, Model-B is ideal for
a modern building with complex electrical appliances.

3.3.3. Evaluation of IoT Data Transmission

We examined the transmission delay (latency), delay variation (jitter), packer in-
ter-arrival time, and packet loss to evaluate the IoT data transmission. The objective was
to assess the reliability of the proposed IoT system for real-time modeling and simula-
tion. In the experiment, one simulation step was 5 s; thus, the data were transmitted from
the embedded device every 5 s. The measurement result of the data transmission pa-
rameters is given in Table 6. Since the AC and plug load data were transmitted differ-
ently from the lighting data, as illustrated in Figures 5 and 6, they were examined sepa-
rately.

Table 6. IoT data transmission measurement.

Lighting Data AC Data Plug Load Data
Transmission delay (latency) 6.0153 s 6.4735 s 9.0348 s
Delay variation (jitter) 0.2704 s 0.6270 s 0.9829 s
Packet inter-arrival time 5.1763 s 5.4371s 5.5085 s
Packet loss 1.11% 5.42% 10.8%

Referring to Table 6, the evaluation results of each parameter are as follows:

e  The transmission delay (latency) was the delay time between the data transmitted by
the embedded device (main device) and the data received by ThingSpeak. The
lighting data achieved the fastest latency, i.e., 6.053 s. This conforms to Figures 5 and
6, where the lighting data were transmitted directly from the embedded device to
Blynk and then ThingSpeak. Meanwhile, the AC data and plug load data were
transmitted via the bridge’s devices. However, it is interesting to note that, even
though we used the bridge devices, the latency of the AC data was only slightly
higher than the lighting data. This concludes that the highest latency in the plug
load data was caused by the internet networks, not the bridge’s architecture.

e  The lighting and plug load data achieved the lowest and highest delay variations
(jitter), respectively. This result was caused by a similar condition in the latency
discussed above.

e  The packet inter-arrival times of the lighting, AC, and plug load data were almost
the same, i.e., about 5 s. Since the data were sent from the embedded devices every 5
s, the result shows that the latency and jitter affected the deviations.

e  Similar to the latency and jitter, the lowest and highest packet losses were achieved
by the lighting and plug load data, respectively.

From the above discussions, we may conclude that our proposed IoT system is
suitable for real-time simulations, which accept a minimal time interval between packets
of 5 s and a maximum latency of 10 s. This requirement is enough to simulate occupan-
cy-based energy consumption as proposed in this paper. It is worthy to note that, since
the proposed real-time simulation employed state-of-the-art IoT platforms, we were able
to extend the system for real-time implementation.

4. Conclusions

We developed the implementation of occupancy-based energy consumption in a
campus building on embedded devices. We integrated modeling and real-time moni-
toring applications by employing IoT platforms such as the Blynk application for con-
figuration and instant monitoring and ThingSpeak for data logging and long-term mon-
itoring. We evaluated the proposed real-time simulator using two occupant’s behaviors
models. The experimental results showed that the models considering the room condi-
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tions and the occupant’s behaviors to control the light and AC produce a lower energy
consumption than the models based on the occupancy only. We assessed the validity of
the implemented model on embedded devices by evaluating several parameters, such as
simulation trials and time intervals. The results proved that the implemented model was
valid. We also examined the reliability of the proposed real-time modeling simulation by
measuring the IoT data transmission parameters such as latency, jitter, inter-arrival time,
and packet loss. The results also showed that the proposed approach was reliable for
such real-time modeling.

In the future, the approach will be improved and extended to cope with complex
models and buildings. Furthermore, we will investigate integration with the other IoT
platforms.
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