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Abstract: The concept of smart sustainable cities—as a favorable response to different challenges
faced in urban areas—is rapidly gaining momentum and worldwide attention. This trend has driven
the exploration of various technologies to improve the utilization of limited resources and idling
capacities (i.e., underutilized physical assets such as buildings or facilities). In fact, a new business
model has been introduced recently to smart cities, known as “shared economy”. The shared economy
is a socioeconomic system that enables intermediary exchanges of goods and services between
people and/or organizations, which boosts productivity and leverages underutilized resources to
maximum potential. However, one of the inherent issues hindering the wide adoption of shared
economy systems is the lack of trust between the providers and users of such systems. To this
end, this study focuses on long-term shared properties/buildings and proposes an intelligent, IoT-
enabled device and dynamic pricing model to address the issue of information asymmetry. First,
10 indicators were identified to assess the condition of the shared property. Next, multiple sensors
were used, calibrated, and integrated into an IoT-enabled sensing device where the collected data
was combined using intelligent sensor fusion technologies in a real-time manner. Third, a survey
was developed and distributed to examine the significance of the 10 indicators, and an innovative
reliability index was created accordingly to reflect the overall condition of the shared property. Fourth,
a dynamic pricing model was developed to reward condition-conscious property users and penalize
condition-unconscious ones. To ensure applicability and robustness of the proposed device and
model, a pilot project was implemented in a smart long-term rental property in Newark, NJ, United
States. Ultimately, this research provided insights on how to improve the operational efficiency
of shared economy systems by offering (1) the providers of shared properties visibility over the
condition of their properties through real-time assessment of the user reliability, and (2) the users of
shared properties assured safety and monetary incentives to maintain the shared environment in a
good condition.

Keywords: smart cities; shared economy; intelligent buildings; Internet of Things; dynamic pricing

1. Introduction

It is estimated that about 70% of the world’s population will be living in urban areas
by 2050, which can add 2.5 billion people to the current urban population [1]. This expected
growth is caused by many factors, including the overall increase in global population and
the progressive migration from rural to urban regions. In urban cities, the existing built
environment has already been enduring considerable social, economic, and environmental
pressure [2–5], such as energy supply, air and water pollution, marginalization, and public
safety and health, among others [6].

Technology solutions are needed to address those pressing challenges faced in urban
areas and to meet the growing need for affordable housing, essential services, and infras-
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tructure. Hence, the concept of a smart city has been introduced recently to solve many
urbanization-related problems. A smart city is an established metropolitan region that
uses Information and Communication Technology (ICT) and the Internet of Things (IoT) to
maximize operational effectiveness at a low cost, to raise the standard of public services,
and to enhance the quality of life [7]. The smart city concept describes a city’s development
strategy that maximizes stakeholders’ interests while balancing social sustainability and
environmental impacts [8].

Intelligent buildings and infrastructures are crucial for improving and developing
smart cities and attaining the United Nations’ Sustainable Development Goals [9]. However,
intelligent buildings and infrastructures cannot be achieved without smart technologies [4].
For instance, the IoT can make a building smarter by monitoring and managing the space
remotely in a real-time manner. Through the integration of sensors and communication
protocols, the IoT propels the growth of smart technology, industry, services, management,
and life in smart cities [10].

To maximize resource utilization and minimize waste in smart cities, a new concept
has been introduced recently, known as “shared economy”. The concept or notion of
a shared economy is generally referred to in a variety of ways including “asset-light
lifestyle”, “collaborative consumption”, “collaborative economy”, “peer economy”, “access
economy”, or “sharing economy”, among others [11]. Shared economy is defined as “a
socioeconomic system that enables an intermediated set of exchanges of goods and services
between individuals/organizations which aim to increase efficiency and optimization of
underutilized resources in society” [12]. In simple words, the shared economy is a new
economic model that aims at sharing resources (e.g., goods and services) that are unused,
underutilized, or newly created [13].

Shared economy systems are considered as peer-to-peer (P2P)-based activities of
acquiring, providing, or sharing access to goods and services that are often facilitated by a
digital or online platform (e.g., through the Internet) [14]. Sharing economies are vital to smart
cities since they allow individuals and/or organizations to generate revenue from underutilized
assets [15]. For example, underutilized resources like unused properties or extra spaces (such
as buildings, apartments, or offices) can be rented out (either short-term or long-term) to other
parties in a shared economy to generate additional stream of cash flow [16].

Sharing economies allow organizations or individuals to generate income from under-
used assets where idle assets such as parked cars and spare bedrooms or apartments can
be rented out when not in use [14]. In populated smart, urban areas around the globe, people
have already relied on shared economies by sharing various resources, including buildings (i.e.,
rental offices, rooms, houses, etc.), transportation (i.e., rental cars, ride-sharing, etc.), utilities,
and spaces [17]. Uber is just one of many examples showing how cities can embrace and benefit
from the shared economy concept (applied in the transportation sector in this case).

A sharing economy involves a business model where assets and resources are rotated,
reused, and shared between different stakeholders [18]. Recently, urban population growth
and rapid technology development (e.g., digital technologies, peer-to-peer Internet capa-
bilities, etc.) has triggered a business boom in the shared economy. It is reported that as
cities become smarter and denser, the public is becoming more inclined to explore and
embrace shared economy systems [17]. Ultimately, the shared economy and the smart city
coherently catalyze each other’s growth [17]. Ultimately, the concept of a sharing economy
is growing rapidly since more customers are looking for more cost-effective ways to find,
fund, and purchase assets or resources.

In the sharing economy, there are two primary parties: service providers and users.
Providers are the entities (people/organizations) that own the shared space (e.g., an office,
building, apartment, room, etc.), while the users are the entities (people/organizations)
that use or rent the shared space (i.e., the tenants). The focus of this research is on shared
properties (i.e., buildings/apartments/rooms). The “provider” represents the owner or
manager (either an individual or an organization) who rents out his/her redundant space,
whereas the “user” is the individual who rents and lives in the space. While the rental
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could be either short-term (e.g., Airbnb, hotel, etc.) or long-term (e.g., apartment lease, etc.),
this study particularly focuses on the long-term rental of shared properties.

2. Literature Review

This section provides a review of relevant research studies and identifies the knowl-
edge gap that this paper addresses.

2.1. Technology Applications in Smart Cities

Smart cities are critical to meet the United Nations’ Sustainable Development Goals
(SDGs) [19]. In smart cities, technologies are potentially capable to collect information
about the city’s environment, offer new services to citizens, facilitate their daily life, and
enhance the city’s livability [20]. Previous studies have proposed and developed different
technologies for various smart city services and applications. Ref. [21] provided some
examples for such services and applications, including smart buildings, smart energy
and smart grid, smart water, smart public services, smart lighting, smart mobility, smart
waste management, smart meters, among others. Ref. [22], on the other hand, exemplified
technologies that can be used in smart cities, including IoT, big data, geospatial technology,
5G technology, cloud/edge computing, blockchain, artificial intelligence, and informa-
tion communication, among others. Out of those technologies, IoT, is one of the most
used in smart cities since it enables efficient communication and real-time data exchange
between devices [23].

IoT technologies have wide applications in smart cities. For instance, ref. [24] devel-
oped an IoT system for infrastructure monitoring and operation in smart cities. Ref. [25]
created an IoT-enabled environmental monitoring system for smart cities to facilitate air
quality and weather management. Ref. [26] developed an IoT-based energy management
system to effectively handle the intermittence and uncertainty of energy supply and de-
mand in smart cities. Ref. [27] designed an IoT-enabled fire detection system to minimize
fire risk and loss in smart cities. Ref. [28] developed a custom-based sensor node, gateway,
and handheld device for the real-time transmission of agricultural data to a cloud server.

IoT technologies have also been used for different building-related applications in-
cluding: UAV-assisted task offloading in smart buildings [29], occupancy-driven plug
load management systems [30], indoor climate anomaly detection [31], thermal comfort
assessment [32,33], energy-efficient task offloading and resource allocation [34], occupancy
detection [35], influence of façades on occupant perception and occupant–façade inter-
action [36], hyper-local PM2.5 assessment [37], and secure location clustering for facility
management [38]. Other widely implemented smart city applications that have leveraged
IoT technologies also include smart vehicle movement and activity tracking [39], smart
HVAC controls [40], and smart device identification [41].

2.2. Shared Economy Systems

A shared economy is a peer-to-peer type of economy where participants exchange
services and products, and the transactions are usually made over online platforms [42],
most of which are enhanced with smart technologies. Therefore, the shared economy and
smart technologies are supplementary and mutually beneficial to each other’s growth
and prosperity in a smart city [43,44]. Thanks to technology, the shared economy has
been expanded and blossomed in many fields, including mobility/transportation, housing,
utilities, etc. [45].

Various research efforts have been conducted to examine different aspects of shared
economies. For example, ref. [46] focused on the business aspects of shared economies and
their associated regulations. Ref. [47] explored how the Internet of Things and blockchain
technology can be applied and stimulate the shared economy. Ref. [48] investigated the
effects of shared economies on urban sustainability by considering their social, economic,
and environmental impacts. Ref. [49] examined the properties and the dynamics of shared
economies to support their collaborative systems and expand their shared services. Ref. [50]
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studied how shared economies could contribute to the smart, sustainable, and inclusive
growth of cities with a focus on the labor market, employment, and education. Ref. [51]
surveyed startup businesses in the technology industry and found that there has been
a substantial growth in the number of companies providing shared services and goods.
Ref. [52] explored the smart city concept and principles and examined how they are aligned
with shared economies, specifically on transport and shared mobility. Ref. [53] investigated
the challenges in digital supply chains of shared economies and how business relationships
could be integrated into supply chains. Ref. [54] explored how the shared economy concept
could be applied to smart grids through shared energy storage and transactive energy.

2.3. Indoor Environmental Assessment

There have been multiple IoT prototypes specifically developed for indoor air quality
(IAQ) to collect, process, and transmit data through sensors. These prototypes provide
real-time access to the collected data from various platforms, including web and mobile
applications [55]. For example, ref. [56] developed CO2 real-time monitoring systems for
smart buildings enabled by IoT technologies. Many other studies developed systems con-
sidering multiple (rather than single) air quality measurands. Among those studies, most
considered temperature, humidity, and CO2 as major components that affect indoor health
conditions [57–60], while only a few further considered other measurands such as ozone,
particulate matter, carbon monoxide, nitrogen oxides, sulfur dioxide, VOC, etc. [61]. More
specifically, some studies [62–64] used wireless sensor networks for IAQ assessment (e.g.,
temperature, humidity, CO, CO2, and luminosity, etc.), which served as a single gateway
to receive data from multiple sensors with Ethernet and web services. However, such a
prototype requires a complex sensor configuration and installation architecture. Therefore,
some proposed leveraging an open public cloud to create Application Programming Inter-
face (API)-based platforms for data exchange among IoT devices, which is simple and easy
to install. Accordingly, some recent studies used and recommended the MQTT protocol
as the communication system to collect and access sensor data for its advantages of being
lightweight, battery-friendly, efficient, and secure [65,66]. However, those studies mainly
focused on prototype and system design, rather than applications, and were not applied in
sharing economy systems.

2.4. Research Need and Knowledge Gap

Despite the various benefits of shared economy systems, there are some challenges
faced by both the users and providers of the shared services. First of all, it is difficult
to build trust between the two parties [42,67]. For instance, numerous incidents have
been reported regarding shared economy environments such as Airbnb, including dirty
rooms, death due to carbon monoxide poisoning while sleeping, and dead bodies found
in the apartments, among many others [68,69]. These incidents reflect the challenges of
information asymmetry and lack of trust in the shared economy. Therefore, to ensure
sustainable growth, the ecosystem of the shared economy must be reshaped to enhance
information transparency and trust among stakeholders [70], and this could be achieved
through smart technologies such as IoT devices and capabilities. More specifically, methods
or tools are needed to quantify the reliability of the users of shared services so that the
service providers can make better and informed decisions. In relation to that, ref. [42]
indicated that there is a prevailing need to develop intelligent technology platforms to
allow providers and users of shared services to make trustworthy decisions.

The providers of the shared service (e.g., the owner of a rented office space, a room, or an
apartment) cannot access information, monitor, or control the condition of how the users of
the shared property (e.g., the person/organization that rented the space) use and maintain the
shared service/space. Next, most existing shared economic systems focused on the reliability
of the shared product/service rather than the credibility of the provider/user (i.e., reliability of
goods/services vs. credibility of individuals) [70]. Such a system design has caused significant
economic losses and damage to both providers and users.
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To assess or quantify the user reliability of shared properties, an evaluation system
must be built, and indicators or metrics must be identified and selected. These indicators
must reflect the condition at which the user maintains the shared property during his/her
stay (i.e., rental period), and include various measures, including temperature, humidity,
and other metrics generally used for indoor environmental assessment.

Furthermore, despite the different IoT applications mentioned in the previous sub-
sections, there is only limited attention that was placed by existing research studies on
the shared economy, which recently has emerged and blossomed into smart cities. Also,
while the rise of the shared economy has successfully drawn significant attention, most re-
search efforts were conducted to examine its characteristics, challenges, and social impacts,
and very few research studies attempted to address those challenges (e.g., information
asymmetry) by leveraging technologies, especially IoT.

Therefore, this paper addresses the research needs identified and fills the existing
knowledge gap by developing an intelligent IoT device to quantify the reliability of the
users of shared economy systems with a focus on shared properties (i.e., shared rooms or
apartments in buildings). The associated objects include: (1) identifying and understand-
ing the different indicators that could be used to assess the reliability of shared economy
systems; (2) creating a quantifiable metric or measure that could be used to numerically
quantify the reliability of shared economy systems, and (3) formulating a dynamic pric-
ing model that dynamically establishes the rental price of the shared economy system
according to the calculated reliability. Finally, expanding from the literature on indoor envi-
ronmental assessments, this study aims to explore the applications of indoor environmental
condition-related aspects in a shared economy system. Specifically, this study creates an
IoT-enabled prototype device, develops a user reliability index and a dynamic pricing
scheme, and builds a cloud-based platform to share information with stakeholders in a
shared economy environment. This study aims to effectively reduce economic losses and
damage, efficiently allocate resources, enhance trust, and ultimately stimulate the concept
of the shared economy in smart cities.

3. Methodology

The methodology employed in this study involved five steps as shown in Figure 1
and detailed in the subsequent sections.
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3.1. Identification and Selection of Indicators

To identify indicators that could be used to quantify the reliability in shared economy
systems, the authors performed a comprehensive literature review to determine a prelimi-
nary list of indicators that could be used. To further validate and examine the importance of
those indicators collected from the literature, interviews were conducted with 12 providers
of shared properties and 10 indicators were finalized as shown in Figure 2.
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3.2. Development of a Sensing Device

After finalizing the 10 indicators, a sensing device was designed to collect data for
each indicator.

3.2.1. Sensor Selection

Specific features were considered when developing the sensing device, including
high sensitivity, fast response, high reception accuracy from different distances, simple
drive circuits, long lifespan, and low cost. In terms of accuracy, the “BME-680” sensor was
selected to collect the following two indicators: temperature and relative humidity. The
“MQ” sensor family was selected and used in this study to collect real-time data for the
other 8 indicators. These sensors are made up of an electrode which is coated with a sensing
material and heated to be more reactive and sensitive. More specifically, the MQ-2, MQ-4,
MQ-5, MQ-7, and MQ-9 sensors were used to collect the data for the following 5 indicators:
LPG gas, natural gas, hydrogen gas, carbon monoxide, and combustible gas, respectively,
while the MQ-135 sensor was used for the remaining 3 indicators: ethanol, smoke, and
carbon dioxide.

These sensors are needed to track and monitor the conditions maintained by the shared
property user during a certain rental period. As detailed in the next subsections, these
sensors were next integrated into an IoT-enabled sensing device. To assess the reliability
of the shared property, six classifications (i.e., excellent, good, fair, poor, bad, and very
bad) were defined for each one of the 10 indicators as shown in Table 1 based on several
well-established standards, including the World Health Organization (WHO), the National
Institute for Occupational Safety and Health (NIOSH), the Occupational Safety and Health
Administration (OSHA), and related literature.
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Table 1. List of the indicators and classifications.

Indicator Excellent Good Fair Poor Bad Very Bad References

Temperature (◦C) 19–21 21–27 27–30 30–32 or 13–18 32–35 or 9–13 >35 or <9 [71,72]

Humidity (%) 30–50 50–60 60–70 70–80 or 20–30 80–90 or 10–20 >90 or <10 [73]

LPG (ppm) 0–100 100–250 250–800 800–1000 1000–2000 >2000 [74–78]

Natural Gas (ppm) 0–100 100–200 200–800 800–1000 1000–2000 >2000 [79–81]

Hydrogen (ppm) 0–170 170–300 300–700 700–1000 1000–2000 >2000 [82]

Carbon Monoxide (CO) (ppm) 0–35 35–50 50–100 100–400 400–1200 >1200 [83–85]

Combustible Gas (ppm) 0–100 100–250 250–800 800–1000 1000–2100 >2100 [76,86,87]

Ethanol (ppm) 0–40 40–100 100–200 200–400 400–500 >500 [88–90]

Smoke (ppm) 0–100 100–200 200–300 300–500 500–600 >600 [91]

Carbon Dioxide (CO2) (ppm) 0–400 400–500 500–600 600–800 800–1000 >1000 [92]

3.2.2. Calibration of Sensors

MQ sensors are equipped with a variable resistor which alters its value based on the
concentration detected. As the concentration increases, the resistance decreases, and vice
versa. In addition to the variable resistor, a load resistor is also included to calibrate the
sensor’s sensitivity and precision. The load resistor can range from 2 k Ohms to 47 k Ohms,
where a higher value indicates a greater sensitivity of the sensor. The sensor also contains a
built-in resistor for the sensor’s heater which maintains the required temperature for the
device to properly function.

The sensor’s accuracy depends on the sensor’s resistance ratio (RS/RO), where RS is
the sensor’s resistance which varies according to the measured concentration, and RO is
the sensor’s resistance at a known concentration (i.e., without other gases or in fresh air).
To calibrate the sensor, the RS/RO ratio in fresh air must be determined, and the ratio for
each sensor can be found in the manufacturer’s datasheet. Taking the MQ-4 as an example,
the RS/RO in fresh air is 4.4 (see the green line labeled “Air” in Figure 3). To this end, all
sensors in this study were calibrated accordingly.
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Finally, Equation (1) was used to calculate the measured concentration/value of each
indicator in ppm (part per million) units [93]:

PPM = a × (Rs/RO)
b (1)

where a and b are constants that vary according to the measured indicator.
The values of RS/RO, a, and b for each of the MQ sensors in this study and their

corresponding indicator(s) are shown in Table 2.

Table 2. Parameters for calibrating the MQ sensors used in this study.

Sensor Detected Indicator (RS/RO) Constant a Constant b

MQ2 LPG 9.83 658.71 −2.168
MQ4 Natural Gas 4.4 1012.70 −2.786
MQ5 Hydrogen 6.5 1163.80 −3.874
MQ7 Carbon Monoxide 27.5 99.04 −1.518
MQ9 Combustible Gas 9.6 4269.60 −2.648

MQ135 Ethanol 3.6 77.26 −3.180
MQ135 Smoke 3.6 44.95 −3.445
MQ135 Carbon Dioxide 3.6 110.47 −2.862

3.2.3. Data Fusion, Sensor Integration, and Programming

A total of 7 sensors were integrated into the smart device to measure the different
indicators. More specifically, the “BME-680” sensor was used to collect the following two
indicators: temperature and relative humidity. The MQ-2, MQ-4, MQ-5, MQ-7, and MQ-9
sensors were used to collect the data for the following 5 indicators: LPG gas, natural gas,
hydrogen gas, carbon monoxide, and combustible gas, respectively. Finally, the MQ-135
sensor was used for the remaining 3 indicators: ethanol, smoke, and carbon dioxide.

To integrate all sensors into the proposed smart IoT-enabled sensing device, an Ar-
duino Uno WIFI microcontroller board was used. More specifically sensor fusion—which
refers to the process of gathering, combining, and fusing data from multiple sensors to
produce more reliable information with less uncertainty [94]—was implemented in this
paper. In relation to that, the different sensors were integrated into the same device by
following several steps including: (1) connecting the A0 pin of the MQ sensors to the
Arduino Uno WIFI board through A0 to A5 analog pins, and connecting the ground and
VCC pins of the MQ sensors to the corresponding ground and 5 volts pins of the Arduino
since the operational voltage of the MQ sensors is 5 volts, (2) connecting the BME-680
sensor to the Arduino board through Inter-Integrated Circuit (I2C) communication (i.e.,
connecting the Serial Clock Line (SCL) and Serial Data Line (SDA) pins of both the BME-680
sensor and the Arduino board), and connecting the ground and VCC pins of the BME-680
sensor to the corresponding ground and 3.3 volts pins of the Arduino since the operational
voltage of the BME-680 sensor is 3.3 volts, and (3) adding an external power supply to
provide electrical power for the IoT-enabled sensing device (i.e., the Arduino board and
the integrated sensors), and (4) using the Arduino Integrated Development Environment
(IDE) to upload programming scripts in order to read, process, and publish data to the
cloud in real-time. It is worth mentioning that any microcontroller equipped with WIFI
capabilities could be used instead of the Arduino UNO WIFI board. However, the Arduino
UNO WIFI board was used in this paper because it has a small form factor (which makes it
easier to be installed in a shared property), it is WIFI-enabled (which is needed to enable
IoT capabilities), and it has the needed pins to connect for different sensors.

3.2.4. IoT Cloud Web Server Development

In general, an IoT device is a network-enabled client that sends and/or receives data
from an online cloud server. The data transmitted can contain any information, including
sensor data and control messages. The most common IoT device protocols are HTTP,
MQTT, Web Sockets, SMQ, and OPC-UA. This study selected the MQTT protocol web
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server because it is lightweight, battery-friendly, efficient, and secure [65]. In addition, an
API token was defined for the MQTT web server to further enhance the security of the
developed IoT cloud environment by requiring both the property user and provider to
access data via a two-step verification process (i.e., password and token).

3.3. Development of a Reliability Index

In order to quantify the overall reliability of a property user in a shared environment,
a reliability index (RI) is proposed to integrate the measurements from the 10 indicators.
However, each indicator might have different perceived significance. For example, the
carbon monoxide level might be more critical than temperature, and weighing them equally
in the model might be biased. Therefore, a survey was developed and distributed to users
and providers of shared properties to examine the importance of each indicator which will
be used to build the reliability index model.

3.3.1. Survey Development

A survey was created to determine the importance of each of the selected indicators
in the context of shared properties. To minimize potential bias, a standard 5-point Likert
scale was used in the survey; the respondents were asked to assess the importance of the
indicators as follows: 1 = Very unimportant; 2 = Unimportant; 3 = Neutral; 4 = Important;
and, 5 = Very important. The survey also contained questions on demographic information
(e.g., gender, age, location, etc.), contact information, property type, ownership status, and
tenancy period. To ensure the validity and robustness of the survey, a pilot study was
conducted in advance to examine respondents’ understanding and perception toward the
survey questions. The survey was modified accordingly by adding questions, removing
redundant ones, providing clarifications, and enhancing consistency.

Once finalized, based on the pilot study results, the purposive sampling was used to
disseminate the survey. The participants selected for the survey must: (1) have experience
with long-term shared property either as a provider or a user, (2) live in a city, and (3) possess
knowledge about smart building technologies such as IoT-enabled devices. The survey
was distributed to 100 persons, and a total of 84 responses were received, 71 of which were
deemed “valid” and considered in the study.

3.3.2. Weight Calculation

Based on the survey results, the significance of the 10 indicators is reflected by as-
signing individual weights for each indicator. A higher weight/value is allocated to the
indicator that is perceived more important, and the sum of the 10 indicators’ weights must
be equal to 1. For each indicator (denoted as j), the average value (denoted as ILj) was com-
puted from the survey results. In relation to the total average values of all indicators (i.e.,
10
∑

j=1
ILj), the significance of the individual indicator was assessed and the weight (denoted

as Wj) was allocated according to Equation (2):

Wj =
ILj

∑10
j=1 ILj

(2)

3.3.3. Reliability Index

To quantify the reliability of the user, a reliability index (RI) is proposed. More
specifically, the user’s RI collectively considers the 10 indicators with the weight allocation
scheme developed from the survey results. First, an individual index for each of the
10 indicators was calculated as shown in Equation (3), which was inspired by the widely-
used air quality index (AQI) developed by the US Environmental Protection Agency
(EPA) [95], which ranges from 0 to 500, where 0 represents good air quality and 500
represents hazardous conditions:
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Ii,j =
Si,j − LLo

i,j

LHi
i,j − LLo

i,j
×

(
IHi
i − ILo

i

)
+ ILo

i (3)

where Ii,j is the index for the user i (i = 1, 2,..., N) and indicator j (j = 1, 2,..., 10). Si,j is
the real-time measurement taken by the sensor for the user i and indicator j. LHi

i,j and LLo
i,j

represent the upper and lower measurement limit of indicator j for user i (obtained from
Table 1) such that Li,j

Lo ≤ Si,j ≤ Li,j
Hi. Finally, IHi

i and ILo
i are the upper and lower indices for

the environment conditions and follow the scheme shown in Table 3, which is also inspired
by EPA’s AQI [95].

Table 3. Scheme for individual indices.

ILo IHi Condition

0 49.99 Excellent
50 99.99 Good

100 149.99 Fair
150 199.99 Poor
200 299.99 Bad
300 500 Very Bad

To determine the index for a certain indicator, cross-referencing is needed for both
Tables 1 and 3. Take temperature (j = 1) as an example, if the IoT device reads a temperature
of 20 ◦C (i.e., Si,1 = 20), by referring to Table 1, it lies within the range of 18 (i.e., LLo

i = 18)
and 21 (i.e., LHi

i = 21), defined as an “excellent” condition (see Table 1). Next, by referring
to Table 3, the “excellent” condition ranges from 0 (i.e., ILo

i = 0) to 49.99 (i.e., IHi
i = 49.99).

Inserting these numbers into Equation (3), we obtain Ii,1 = 33.32. The same process is
followed for the other indicators.

Finally, after obtaining individual indices for each indicator, the overall RI is computed
according to Equation (4):

RIi =
10

∑
j=1

Wj ×
(

1 −
Ii,j

500

)
, for i = 1, 2, . . . , N and j = 1, 2, . . . , 10 (4)

where RIi is the reliability index with a range of [0, 1] such that 1 represents the best user
reliability and 0 represents the worst user reliability, and Wj is the weight of each indicator
(obtained from the survey as detailed before).

3.3.4. Publishing the RI to Cloud

The proposed RI algorithm was programmed into the IoT-enabled sensing device (i.e.,
the Arduino microcontroller) to generate the individual and the overall reliability index in
a real-time manner. More specifically, the collected data for each indicator was transferred
to an MQTT gateway server which aggregated and sent the data to an IoT cloud platform.
The integrated code included acquisition, forwarding, and storage of the collected data,
and the sensor readings and the RIs were constantly calculated, stored, and published
through the MQTT web server to an IoT cloud which is accessible by both providers and
users of the shared property in a real-time manner.

3.4. Dynamic Pricing Model

Different from the traditional dynamic pricing, which adjusts price by market supply
and demand (e.g., airline ticket, hotel room rate, etc.), the proposed model in this paper sets
the rental price dynamically according to the calculated reliability. For a long-term rental, it
is technically difficult to constantly monitor the maintenance condition of the shared prop-
erty, and the property condition is usually observed when the contract ends or terminates.
However, the economic loss or damage might have already been made and therefore, it will
be too late to be reversed. Therefore, the proposed dynamic pricing model in this paper
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enabled by real-time RI aims to rationalize rental pricing by rewarding condition-conscious
renters and penalizing condition-unconscious ones. The proposed dynamic pricing model
considers (1) the base price (P0) of the shared property agreed upon by the user and the
provider, and (2) a reward/penalty (i.e., RP term). Inspired by the penalty–reward contrast
analysis (PRCA) [96], the RP scheme determines the reward/penalty by the reliability of
the user (i.e., the calculated RI from Equation (4)) according to Table 4.

Table 4. Reward/penalty (i.e., RP term) associated to each RI condition.

RI Value Description of RI Reward/Penalty (i.e., RP Term)

[0.90, 1.00] Excellent −15%
[0.80, 0.90] Good −10%
[0.70, 0.80] Fair 0%
[0.60, 0.70] Poor +10%
[0.40, 0.60] Bad +15%
[0.00, 0.40] Very Bad +20%

As shown in Table 4, the users ranked “excellent” and “good” are considered condition-
conscious and will be awarded a discounted rental price for the shared property; those
ranked “bad” and “very bad” are considered condition-unconscious and will be penalized
with a higher rental price.

The final rental price of the shared property is calculated by Equation (5):

Pt = P0 × (1 + RPt), t = 1, 2, . . . , T (5)

where Pt is the dynamic price of the shared property for the tth month, P0 is the base price
of the shared property, and RPt is the reward/penalty term for the tth month.

It is worth noting that the average RI (i.e., RIt) is calculated at the end of a month
(t = 1, 2, ..., T), based on which the rental price is determined by the corresponding RP term
in Table 4. For example, a user with “excellent” RI is awarded with a 15% discount toward
his/her rent, while a “very bad” user is penalized with 20% of extra rent.

3.5. Real-World Implementation

To ensure the applicability and robustness of the proposed IoT-enabled dynamic
pricing model, a pilot project was implemented in a smart long-term rental property in
Newark, New Jersey, United States for a period of 7 months.

4. Results and Analysis
4.1. Development of IoT-Enabled Device

As detailed in the Methodology section, different sensors were integrated into an
IoT-enabled sensing device with the Arduino Uno WIFI microcontroller to collect real-time
data for the 10 indicators. A schematic diagram of the developed smart device is presented
in Figure 4.

To ensure data accuracy, the sensors were calibrated as detailed in the Methodology
section. The results of the calibration process are provided in Figure 5.
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4.2. Survey Results

A survey was distributed to determine the importance of each indicator and 71 responses
were collected. The survey results and analysis are provided in the following subsections.
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4.2.1. Respondents’ Demographics

Out of the 71 valid responses, 37% of the participants were female and 63% were
male. The geographic distribution of the survey respondents was: (1) 54% of the partic-
ipants were from New Jersey, (2) 37% from Massachusetts, (3) 8% from New York, and
(4) 1% from Maryland. Furthermore, 31% of the participants were owners/providers
of shared services/properties, while the remaining 69% were renters/users of shared
services/properties.

4.2.2. Importance of Indicators

As detailed in the Methodology section, a 5-point Likert scale was used to assess the
significance of the 10 indicators, and the average point for each indicator j (i.e., ILj) from the
71 responses is provided in Figure 6. The 71 respondents indicated that carbon monoxide
(CO) is the most critical with an average of 4.29/5, and ethanol (C2H6O) is the least critical
with an average of 3.58/5.
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4.3. Graphical User Interface

To promote the applicability and commercialization of the proposed model, it is
important to develop an interface that is intuitive and user-friendly. The WIFI module of
the Arduino Uno embedded system is used to publish data to the Internet through the
MQTT web server. The overall workflow for publishing data to the IoT cloud through the
MQTT server is presented in Figure 8.
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The cloud-based platform, which can be easily accessed by property users and
providers, is designed to allow system users to easily visualize and understand the mea-
sure metrics. Figure 9 exemplifies the developed graphical interface, which contains the
real-time measures of the 10 indicators (i.e., temperature, humidity, hydrogen, etc.), as well
as the overall RI that could be used to quantify and assess the reliability of the user of the
shared property.
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It is to be noted that the sharing economy environment required multiple sensing
modules (as shown in Figure 9) in order to accurately track and assess the condition of



Buildings 2023, 13, 2182 15 of 22

the shared property based on the 10 different indicators that were identified based on
a literature review as well as interviews conducted with different providers of shared
properties. More specifically, the sensing modules or indicators used in this paper were
those that were determined to be beneficial and important for assessing the reliability of
shared properties as well as those that could be influenced by actions taken by the users
of the shared properties (i.e., the users could contribute to changes in these indicators). In
relation to that, the final list of indicators considered in this paper does not particularly
focus on IAQ assessment but rather on evaluating the reliability of the users of shared
economies. Since each sensing module (or indicator) reflects a particular measurand of
interest, the real-time values of the 10 indicators were displaced separately (see the first
10 visuals in Figure 9). Also, the aggregated reliability index that integrates the values of all
sensing modules was also displayed (see the last visual in Figure 9). Such representation is
particularly useful since it provides an overall and easy-to-understand assessment of the
condition of the shared property as well as insights into what indicators could potentially
lead to a lower reliability index or those that could be further improved.

Finally, it is worth noting that the interface is accessible from cellphones, laptops, or
any WIFI-connected devices. To ensure data privacy (i.e., the data are not accessible to
a third party other than the authorized entities), the authorized providers and users are
required to create accounts and must log in to the IoT cloud with preset usernames and
passwords to access the system.

4.4. Use of the IoT-Enabled Device

The pilot project (i.e., IoT-enabled dynamic pricing model) was implemented in a
smart long-term rental property in Newark, New Jersey, United States for 7 months.

The average RI for the user was calculated at the end of each month (i.e., RIt, where
t= 1, 2, . . . , 7) and used to determine the reward/penalty term (i.e., RPt), based on which
the final rent for that month was computed (according to Equation (5)). Table 5 shows the
rental prices during the 7-month rental period with a base rental price of USD 900/month
(i.e., P0 = 900).

Table 5. Pilot Project results of the IoT-enabled dynamic price model.

Month (t) Base Rent (P0) (USD) RIt RPt Dynamic Price (Pt) (USD)

1 900 0.69 0.00 900
2 900 0.71 0.00 900
3 900 0.81 −10% 810
4 900 0.81 −10% 810
5 900 0.85 −10% 810
6 900 0.89 −10% 810
7 900 0.62 10% 990

The 5th column of Table 5 shows the monthly rental prices computed from the average
monthly reliability index (i.e., the 3rd column) and its corresponding reward/penalty term
(i.e., the 4th column). For instance, by having a good reliability index (e.g., RI3 = 0.81 as
shown in Table 5), the user was able to exploit a 10% discount (= USD 90) from the base rent
of the shared property. However, due to a poor reliability index in month 7 (i.e., RI7 = 0.62
as shown in Table 5), the user was penalized with a 10% additional charge to the base rent.

The proposed approach in this study is considered to be among the first research
efforts that integrate data and information regarding different indicators that could be
tracked and assessed to monitor shared properties. In addition, compared to existing or
traditional dynamic pricing models existing in the literature which dynamically adjusts
price by market supply and demand (i.e., raising prices when demand is strong and
cutting prices when demand is weak), the proposed intelligent IoT-enabled dynamic
pricing model allows the price to be dynamically determined based on the user reliability
(i.e., the proposed model effectively identifies and rewards condition-conscious renters
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while penalizing condition-unconscious ones). Hence, instead of pricing indifferently, the
proposed model rationalizes the rental price while enhancing the transparency between
landlords and renters. Ultimately, the proposed approach encourages good and responsible
renter behavior, decreases economic losses, reduces risk and uncertainties, and ultimately
stimulates shared economy systems.

5. Discussion and Contributions

This research has multiple implications and contributions. The proposed approach
in this study integrates data and information regarding different indicators that could be
tracked and assessed to monitor shared properties.

In addition, the proposed incentive-based dynamic pricing mechanism could improve
renter behavior. Being aware of the proposed scheme (i.e., reward for good rental condition
and penalty for bad rental condition) enforced by the real-time IoT device, a rational renter
will try hard to maintain the shared property, which reduces landlords’ costs of maintenance.
Eventually, a conscious, virtuous circle (i.e., through rewards and good maintenance) of
property maintenance will be created and trusts can be significantly enhanced. Furthermore,
equipped with the proposed IoT-enabled dynamic pricing scheme, it will also be easier
for the property provider to find good, responsible property users. On the other hand,
the real-time information on individual indicators and the overall RI allows the property
provider to assess the property condition and potential risks. The IoT-enabled, instant, and
transparent information effectively resolves the inherent information asymmetry issue in
a shared economy, which enhances resource utilization and rental ethics [70]. Figure 10
illustrates the framework of the proposed model and explains how trust is built in a shared
property relationship based on the proposed work in this paper.
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In contrast to the traditional dynamic pricing model, which dynamically adjusts price
by market supply and demand (i.e., raising prices when demand is strong and cutting
prices when demand is weak), the proposed intelligent, IoT-enabled dynamic pricing model
allows the price to be dynamically determined based on the user reliability. The proposed
model effectively identifies and rewards condition-conscious renters while penalizing
condition-unconscious ones. The pilot project was implemented in a long-term rental space
for 7 months, and as illustrated in Table 5, the renter was rewarded when the rental space
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was maintained in good condition and punished otherwise. Instead of pricing indifferently,
the proposed model rationalizes the rental price while enhancing the transparency between
landlords and renters. The proposed dynamic pricing scheme encourages good, respon-
sible behavior, decreases economic losses, reduces risk and uncertainties, and ultimately
stimulates shared economy systems. Furthermore, the RI historical records may have a
wide application. A good RI not only suggests good maintenance of a shared property, but
an individual with a good RI history also implies his/her responsibility and credibility. In
other words, the RI historical records can be applied to screen applications, such as loans,
leases, jobs, etc.

The requirements to use the proposed IoT device include the following: (1) having
the consent of both the providers and users of the shared economy to install the device
in pre-agreed upon location(s) in the property; (2) agreement between the providers and
users of the shared property on the base price (P0) and the reward/penalty term (RPt) to be
used in the dynamic pricing model; (3) consensus among the providers and users of the
shared economy on the indicators and the associated weights to be used for assessing the
reliability of the shared property, and (4) establishment of username(s) and password(s) to
access the data in real-time. Potential use case challenges might include keeping the device
powered up all the time. This could be addressed by powering up the proposed device
using an electrical power socket with the needed voltage regulator or through another 3–5 V
power source rather than through an external battery that must be constantly changed or
recharged. Another potential challenge could include potential privacy concerns that the
users might have in relation to sharing information on some of the indicators. However,
this could be addressed by having an agreement between the provider and user of the
shared economy regarding which indicators to track and measure as well as by having
a two-factor authentication process that ensures secure and private access to the data by
authorized personnel only.

The proposed device could also be used for building facility management applica-
tions. For instance, it could be used to inform and support the functionality, safety, and
sustainability of buildings. In relation to that, the developed IoT-enabled device can be
used to automatically send alerts to the user and/or provider of the shared property when
any of the indicators reach an alarming level. Taking carbon monoxide as an example, the
proposed IoT device can be programmed so that whenever the reading of carbon monoxide
goes over 1000 ppm (i.e., “very bad” as shown in Table 1) or any other desired threshold,
an alert could be sent to both the user and provider to initiate any necessary precautions
and prevent hazardous situations.

6. Conclusions

This study developed an intelligent IoT-enabled device to quantify the reliability of
users of shared economy systems with a focus on shared properties (i.e., shared rooms
or apartments in buildings). The proposed IoT-enabled device integrated sensors that
instantly measured 10 indicators to reflect the indoor environmental condition of shared
properties. Based on the real-time values of the 10 different indicators, a reliability index
was generated to provide a quantitative assessment. Finally, a dynamic pricing model was
developed from the reliability index, where condition-conscious users were rewarded with
discounted rents and condition-unconscious users were penalized with additional rental
fees. The proposed model was implemented in a real-world long-term rental space for
7 months. This research provided insights on how to improve the operational efficiency
of the shared economy by offering (1) the providers of shared properties visibility over
the condition of their facilities through real-time assessment of the user reliability, which
can be accessed remotely from any place using IoT capabilities, and (2) the users of shared
properties assured safety and monetary incentives to maintain the shared environment in
a good condition. Ultimately, the proposed model in this study can: (1) rationalize rental
pricing, (2) improve information transparency and enhance trust between providers and
users of shared economies, (3) ensure the safety of property users in the shared economy,
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(4) raise awareness and reduce property maintenance costs, and (5) ultimately stimulate
the shared economy in smart cities.

Ultimately, the results of this study add to the body of knowledge by paving the way
for transforming traditional practices in the shared economy towards a more intelligent
and sustainable ecosystem whereby both the providers and the users have fewer, or ideally
no, regrets for their decisions in their shared environments.

The conducted research in this paper has some limitations. First, the proposed ap-
proach in this paper is best applicable to long-term shared properties rather than other
types of shared economies (i.e., transportation, utilities, etc.) or short-term shared proper-
ties. Thus, future research studies are recommended to build on the proposed approach
in this paper and expand it to other types of shared economies. Second, the proposed
approach in this paper focuses on 10 indicators that were deemed to be the most relevant
to assess the reliability of shared economies. Hence, future research efforts might consider
adding more indicators that are relevant to their specific application or case by making any
necessary changes to the list of indicators considered in this paper to accommodate the
specific requirements of the application’s case of interest. Third, the proposed approach
in this paper was mainly focused on assessing the reliability mostly based on different
environmental conditions that the user might influence; hence, future studies could be
conducted to expand the reliability index by considering other influencing factors such as
energy usage patterns, among others. In relation to that, beyond the indicators considered
in this study (e.g., temperature, humidity, etc.), the proposed approach can be extended
to other elements in a shared economy (i.e., rental space), including water, appliances, etc.
Furthermore, future research studies are recommended to build on the proposed dynamic
pricing model in this paper and expand it further by developing an e-Auction- based
mechanism that could be integrated into the proposed device. This mechanism could be
implemented in order to enable the providers and users of shared economy systems to
connect directly and to allow users to compete against one another where the user with the
highest reliability and the best price will be chosen. This will streamline the procurement
process, reduce risks, save both time and money, and improve efficiency by providing a fast,
secure, and transparent way to achieve the best match between the providers and users
of shared economy systems. Finally, the proposed approach in this paper is scalable and
malleable and could be adjusted to be used in shared economy environments other than
shared properties such as car sharing, coworking, parking space rental, shared transport
vehicles, and furniture sharing, among others. Nevertheless, the list of reliability indicators
needs to be changed or adjusted to meet the specific requirements of the application’s case
of interest.

Author Contributions: Conceptualization, R.H.A.; methodology, R.H.A., M.M. and A.C.; formal
analysis, R.H.A., M.M. and A.C.; data curation, R.H.A. and M.M.; writing—original draft preparation,
R.H.A. and M.M.; writing—review and editing, R.H.A. and A.C.; supervision, R.H.A. and A.C.;
project administration, R.H.A. and A.C. All authors have read and agreed to the published version of
the manuscript.

Funding: This paper is based upon work supported by the Paul Profeta Real Estate Technology,
De-sign and Innovation Center (RETDIC). Any opinions, findings, conclusions, or recommendations
expressed in this paper are those of the authors and do not necessarily reflect the views of the
funding agency.

Data Availability Statement: All data generated or analyzed during the study are included in the
published paper.

Conflicts of Interest: The authors declare no conflict of interest.



Buildings 2023, 13, 2182 19 of 22

References
1. United Nations. World Urbanization Prospects. The 2014 Revision; Department of Economic and Social Affairs: New York, NY, USA,

2015. Available online: http://esa.un.org/unpd/wup/Publications/Files/WUP2014-Report.pdf (accessed on 11 May 2023).
2. Assaf, G.; Hu, X.; Assaad, R.H. Predicting Urban Heat Island severity on the census-tract level using Bayesian networks. Sustain.

Cities Soc. 2023, 97, 104756. [CrossRef]
3. Assaf, G.; Hu, X.; Assaad, R.H. Mining and modeling the direct and indirect causalities among factors affecting the Urban Heat

Island severity using structural machine learned Bayesian networks. Urban Clim. 2023, 49, 101570. [CrossRef]
4. Assaf, G.; Assaad, R.H. Optimal Preventive Maintenance, Repair, and Replacement Program for Catch Basins to Reduce Urban

Flooding: Integrating Agent-Based Modeling and Monte Carlo Simulation. Sustainability 2023, 15, 8527. [CrossRef]
5. Assaad, R.H.; Assaf, G.; Boufadel, M. Optimizing the maintenance strategies for a network of green infrastructure: An agent-based

model for stormwater detention basins. J. Environ. Manag. 2023, 330, 117179. [CrossRef]
6. Bibri, S.E.; Krogstie, J. Smart sustainable cities of the future: An extensive interdisciplinary literature review. Sustain. Cities Soc.

2017, 31, 183–212. [CrossRef]
7. Rejeb, A.; Rejeb, K.; Simske, S.; Treiblmaier, H.; Zailani, S. The big picture on the internet of things and the smart city: A review of

what we know and what we need to know. Internet Things 2022, 19, 100565. [CrossRef]
8. Alaei, A. The Impact of Real Estate Technology on Smart City Stakeholders. Master’s Thesis, Metropolia University of Applied

Sciences, Helsinki, Finland, 2020.
9. United Nations. Collection Methodology for Key Performance Indicators for Smart Sustainable Cities. 2017. Available online:

https://unece.org/DAM/hlm/documents/Publications/U4SSC-CollectionMethodologyforKPIfoSSC-2017.pdf (accessed on
11 May 2023).

10. Kim, T.H.; Ramos, C.; Mohammed, S. Smart city and IoT. Future Gener. Comput. Syst. 2017, 76, 159–162. [CrossRef]
11. Cannon, B.; Chung, H. A framework for designing co-regulation models well-adapted to technology-facilitated sharing economies.

Santa Clara Comput. High Tech. Law J. 2014, 31, 23.
12. Muñoz, P.; Cohen, B. Mapping out the sharing economy: A configurational approach to sharing business modeling. Technol.

Forecast. Soc. Chang. 2017, 125, 21–37. [CrossRef]
13. Zeng, Y.; Gu, J.; Qian, W.; Wu, S.; Zhu, J. The Current Situation and Problems of the Shared Economy. 2018. Available online:

https://pdf.hanspub.org/ECL20180300000_89941131.pdf (accessed on 24 August 2023).
14. Scott, G. Sharing Economy: Model Defined, Criticisms, and How It’s Evolving. 2020. Available online: https://www.investoped

ia.com/terms/s/sharing-economy.asp (accessed on 12 July 2023).
15. Vaidya, D. Sharing Economy. 2023. Available online: https://www.wallstreetmojo.com/sharing-economy/ (accessed on 12 May 2023).
16. Diana, L.; S, tefan, V. The Evolution of the Collaborative/Shared Economy on Demand and its Impact on Fiscal Systems. Ovidius

Univ. Ann. Econ. Sci. Ser. 2022, 22, 838–845.
17. Sergio. Who Puts the “Smart” in Smart Cities? 2015. Available online: https://medium.com/smartcityworld/who-puts-the-sma

rt-in-smart-cities-ef41881d57d7 (accessed on 10 May 2023).
18. Pristovnik, A. Business Models in the Sharing Economy. 2020. Available online: https://tridenstechnology.com/business-model

s-in-the-sharing-economy/ (accessed on 13 July 2023).
19. Blasi, S.; Ganzaroli, A.; De Noni, I. Smartening sustainable development in cities: Strengthening the theoretical linkage between

smart cities and SDGs. Sustain. Cities Soc. 2022, 80, 103793. [CrossRef]
20. Mohammed, A.A.J.; Burhanuddin, M.A.; Basiron, H.; Tunggal, D. Key enablers of IoT strategies in the context of smart city

innovation. J. Adv. Res. Dyn. Control Syst. 2018, 10, 582–589.
21. Novotný, R.; Kuchta, R.; Kadlec, J. Smart city concept, applications and services. J. Telecommun. Syst. Manag. 2014, 3, 1–5.
22. Ahad, M.A.; Paiva, S.; Tripathi, G.; Feroz, N. Enabling technologies and sustainable smart cities. Sustain. Cities Soc. 2020,

61, 102301. [CrossRef]
23. Matuszak, J. The Rise of IoT in Smart Cities. 2023. Available online: https://knowhow.distrelec.com/internet-of-things/the-rise-

of-iot-in-smart-cities/ (accessed on 12 March 2023).
24. Lv, Z.; Hu, B.; Lv, H. Infrastructure Monitoring and Operation for Smart Cities Based on IoT System. IEEE Trans. Ind. Inform. 2019,

16, 1957–1962. [CrossRef]
25. Shah, J.; Mishra, B. IoT enabled environmental monitoring system for smart cities. In Proceedings of the 2016 International

Conference on Internet of Things and Applications (IOTA), Pune, India, 22–24 January 2016; pp. 383–388.
26. Liu, Y.; Yang, C.; Jiang, L.; Xie, S.; Zhang, Y. Intelligent edge computing for IoT-based energy management in smart cities. IEEE

Netw. 2019, 33, 111–117. [CrossRef]
27. Sharma, A.; Singh, P.K.; Kumar, Y. An integrated fire detection system using IoT and image processing technique for smart cities.

Sustain. Cities Soc. 2020, 61, 102332. [CrossRef]
28. Swain, M.; Zimon, D.; Singh, R.; Hashmi, M.F.; Rashid, M.; Hakak, S. LoRa-LBO: An Experimental Analysis of LoRa Link Budget

Optimization in Custom Build IoT Test Bed for Agriculture 4.0. Agronomy 2021, 11, 820. [CrossRef]
29. Xu, J.; Li, D.; Gu, W.; Chen, Y. UAV-assisted task offloading for IoT in smart buildings and environment via deep reinforcement

learning. Build. Environ. 2022, 222, 109218. [CrossRef]
30. Tekler, Z.D.; Low, R.; Yuen, C.; Blessing, L. Plug-Mate: An IoT-based occupancy-driven plug load management system in smart

buildings. Build. Environ. 2022, 223, 109472. [CrossRef]

http://esa.un.org/unpd/wup/Publications/Files/WUP2014-Report.pdf
https://doi.org/10.1016/j.scs.2023.104756
https://doi.org/10.1016/j.uclim.2023.101570
https://doi.org/10.3390/su15118527
https://doi.org/10.1016/j.jenvman.2022.117179
https://doi.org/10.1016/j.scs.2017.02.016
https://doi.org/10.1016/j.iot.2022.100565
https://unece.org/DAM/hlm/documents/Publications/U4SSC-CollectionMethodologyforKPIfoSSC-2017.pdf
https://doi.org/10.1016/j.future.2017.03.034
https://doi.org/10.1016/j.techfore.2017.03.035
https://pdf.hanspub.org/ECL20180300000_89941131.pdf
https://www.investopedia.com/terms/s/sharing-economy.asp
https://www.investopedia.com/terms/s/sharing-economy.asp
https://www.wallstreetmojo.com/sharing-economy/
https://medium.com/smartcityworld/who-puts-the-smart-in-smart-cities-ef41881d57d7
https://medium.com/smartcityworld/who-puts-the-smart-in-smart-cities-ef41881d57d7
https://tridenstechnology.com/business-models-in-the-sharing-economy/
https://tridenstechnology.com/business-models-in-the-sharing-economy/
https://doi.org/10.1016/j.scs.2022.103793
https://doi.org/10.1016/j.scs.2020.102301
https://knowhow.distrelec.com/internet-of-things/the-rise-of-iot-in-smart-cities/
https://knowhow.distrelec.com/internet-of-things/the-rise-of-iot-in-smart-cities/
https://doi.org/10.1109/TII.2019.2913535
https://doi.org/10.1109/MNET.2019.1800254
https://doi.org/10.1016/j.scs.2020.102332
https://doi.org/10.3390/agronomy11050820
https://doi.org/10.1016/j.buildenv.2022.109218
https://doi.org/10.1016/j.buildenv.2022.109472


Buildings 2023, 13, 2182 20 of 22

31. Liu, Y.; Pang, Z.; Karlsson, M.; Gong, S. Anomaly detection based on machine learning in IoT-based vertical plant wall for indoor
climate control. Build. Environ. 2020, 183, 107212. [CrossRef]

32. Shahinmoghadam, M.; Natephra, W.; Motamedi, A. BIM-and IoT-based virtual reality tool for real-time thermal comfort
assessment in building enclosures. Build. Environ. 2021, 199, 107905. [CrossRef]

33. Brik, B.; Esseghir, M.; Merghem-Boulahia, L.; Snoussi, H. An IoT-based deep learning approach to analyse indoor thermal comfort
of disabled people. Build. Environ. 2021, 203, 108056. [CrossRef]

34. Li, K.; Zhao, J.; Hu, J.; Chen, Y. Dynamic energy efficient task offloading and resource allocation for NOMA-enabled IoT in smart
buildings and environment. Build. Environ. 2022, 226, 109513. [CrossRef]

35. Jeon, Y.; Cho, C.; Seo, J.; Kwon, K.; Park, H.; Oh, S.; Chung, I.J. IoT-based occupancy detection system in indoor residential
environments. Build. Environ. 2018, 132, 181–204. [CrossRef]

36. Luna-Navarro, A.; Fidler, P.; Law, A.; Torres, S.; Overend, M. Building Impulse Toolkit (BIT): A novel IoT system for capturing the
influence of façades on occupant perception and occupant-façade interaction. Build. Environ. 2021, 193, 107656. [CrossRef]

37. Swaminathan, S.; Guntuku, A.V.S.; Sumeer, S.; Gupta, A.; Rengaswamy, R. Data science and IoT based mobile monitoring
framework for hyper-local PM2.5 assessment in urban setting. Build. Environ. 2022, 225, 109597. [CrossRef]

38. Wu, H.; Li, L.; Liu, Y.; Wu, X. Vehicle-based secure location clustering for IoT-equipped building and facility management in
smart city. Build. Environ. 2022, 214, 108937. [CrossRef]

39. Low, R.; Cheah, L.; You, L. Commercial Vehicle Activity Prediction with Imbalanced Class Distribution Using a Hybrid Sampling
and Gradient Boosting Approach. IEEE Trans. Intell. Transp. Syst. 2020, 22, 1401–1410. [CrossRef]

40. Zhuang, D.; Gan, V.J.; Tekler, Z.D.; Chong, A.; Tian, S.; Shi, X. Data-driven predictive control for smart HVAC system in
IoT-integrated buildings with time-series forecasting and reinforcement learning. Appl. Energy 2023, 338, 120936. [CrossRef]

41. Tekler, Z.D.; Low, R.; Zhou, Y.; Yuen, C.; Blessing, L.; Spanos, C. Near-real-time plug load identification using low-frequency
power data in office spaces: Experiments and applications. Appl. Energy 2020, 275, 115391. [CrossRef]

42. Hamari, J.; Sjöklint, M.; Ukkonen, A. The sharing economy: Why people participate in collaborative consumption. J. Assoc. Inf.
Sci. Technol. 2016, 67, 2047–2059. [CrossRef]
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