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ABSTRACT

Purpose: The main purpose of this study was to examine the application of sensors and sensor
networks for detection of people crowds in developing cities. This paper discusses unique
challenges associated with people crowd detection especially in the urban towns of developing
countries and gives a comparative review and analysis of popular human sensing approaches in
the detection of people crowds.

Methodology: This study provides a survey and categorization of popular human sensing
approaches using literature especially published within the past two decades. The paper then
analyzes current human sensing technologies vis-a-vis people crowd detection in developing cities.
The respective strengths and shortfalls of various approaches are highlighted. Finally, by means
of examples, a comparative analysis of different human sensing categories is carried out.

Findings: The spontaneous, dynamic and chaotic nature of people crowds, together with the poor
infrastructural development characteristic of developing economies pose unique challenges to the
effectiveness of people crowd detection systems. Although there are advances in crowd detection,
most of these are in the area of non-people crowds, while most of the research done on people
crowd detection have been on indoor crowd settings. In addition, challenges unique to people
crowd detection in developing countries include: scalability and cost of crowd detection systems,
security of the detection system infrastructure, confidentiality of subjects being monitored,
requirements for incentives and the ability to support passive and real time people crowd detection.

Unique contribution to theory, practice and policy: This study emphasizes the need for both
indoor and outdoor people crowd detection systems appropriate for the needs of developing cities.
The study contributes to the body of knowledge since people crowds unlike other types of crowds
present a unique set of challenges that call for special attention.

Keywords: People Crowd Detection, Human Sensing, Sensor Networks.
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1. INTRODUCTION

The growth of the events industry together with general population increase, especially in
developing countries, has attracted a big proportion of people to urban cities. This has led to an
increased demand on the already strained public infrastructural resources. Social gatherings have
become breeding grounds for wrong elements, while public demonstrations continue to become a
source of insecurity and have led to vandalism of public infrastructure by disgruntled persons. In
addition to these hindrances, detecting people crowds in urban cities presents unique challenges
accruing to the dynamics of people crowds. A part from these concerns however, knowledge of
crowd density can advise relevant authorities and event organizers to better plan service delivery.
All these underscore the need for people crowd detection. Various proactive and reactive
methodologies have been explored for detection of people crowds. These approaches have been
both vision and non-vision based. Vision based approaches extract facial structure, hand movement
and gait to detect the existence of humans. Vision based approaches are however faced by
occlusion, high implementation costs and privacy concerns compared to other non-video and
camera based alternative (Gong, Loy, & Xiang, 2011).

Lately, driven by advances in micro-electromechanical systems technology, the application
domain of sensors and wireless sensor networks (WSNs) has continued to evolve and expand.
These advances have led to an emergence of a varied number of embedded computing platforms
that offer the ability to sense physical phenomenon in real time. They are light weight, more energy
efficient and relatively cheaper. Sensors are devices or modules that produce output signals for
purposes of sensing physical phenomena, while WSNs are infrastructure-less wireless networks
that deploy a number of sensor nodes in an adhoc manner to monitor physical phenomena and
systems (Farhan, et al., 2017). WSNs comprise sensor nodes, cluster heads and one or more sink
nodes. The sensor nodes collect phenomena data and route them to sink nodes for analysis. Over
time, sensors and WSNs have also been used in crowd detection. For example, work has been
carried out in battle field surveillance (Arjun, Indukala, & Menon, 2017; Bhadwal et al., 2019),
target tracking (Ez-Zaidi & Rakrak, 2016; Darabkh, Albtoush, & Jafar, 2017), and event human
localization (Yang, Sheng, & Zeng, 2015). All these point to the potential of sensors and WSNs in
detection of people crowds.

People crowd detection in developing countries is challenging because of the less developed
communication infrastructure within urban towns and the chaotic nature of people crowds that are
known to be both unpredictable and spontaneous. People crowds form anywhere and at any time,
and therefore require special attention. Besides, sensors and WSNs have known inherent
challenges of battery life, coverage and connectivity.

In this paper there are numerous human sensing approaches (Passive radio sensing, Wi-Fi based
sensing, Vibration sensing, Mobile crowd sensing, RFID/Bluetooth based sensing and Sensor
fusion) that have been explored for people crowd detection. The vast majority however, are not
specifically applicable for detection of people crowds in developing countries. Subsequently, this
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paper investigates the possibility of applying human sensing in people crowd detection. The
strengths and shortfalls of the sensing approaches are highlighted. The rest of the paper is
structured as follows: The general sensing model is introduced in the next section before an overall
review of human sensing approaches and applications in Section 3. Challenges to people crowd
detection in developing countries and a comparative analysis of the sensing approaches with
respect to people crowds are presented in Section 4. The paper concludes with a discussion of
results and suggestions for further research in Section 5.

2. HUMAN SENSING APPROACHES AND CROWD DETECTION

Human sensing encompasses a range of technologies for detecting human presence in an area
without intentional participation of the subjects being detected. A people crowd can be looked at
as an emergent group of individuals. An insight on human-centric sensing modalities and
approaches can enhance appreciation of wave propagation generated by humans and people
crowds, which are important for sensors and WSNss.

Recently, crowd sensing and urban sensing surveys have been carried out (Teixeira, Dublon, &
Savvides, 2010; Rashid, & Rehmani, 2016). However, many of these did not take into account
challenges in developing countries such as the state of communication infrastructure and chaotic
nature of people crowds. For example, authors in (Bouchabou, et al., 2021) looked at activity
recognition in smart homes based on Internet of Things (IoT) sensor algorithm, and (Liu, et al.,
2019) discussed challenges and opportunities of wireless human sensing for smart loT world. In
literature, approaches to human sensing have been classified as human-centric and crowd-centric,
depending on the type of input detected. Crowd-centric sensing models properties of a group of
people, while human-centric approaches detect individual human activities. Human centric sensing
(HCS) models have been used in personal security (Carrefio, 2013), health (Kiehl et., 2020; Wu et
al., 2015) and sports (Zhao & You, 2021). Crowd sensing approaches have also been categorized
as device free and device present. Device free sensing is when no special equipment or cooperation
is required from the subjects, while device present crowd sensing requires that the individuals
possess a special device. In this case, the term environment sensors is used to refer to sensor
nodes/devices that capture information about their environment.

Crowds in urban cities take the form of; 1) individuals moving randomly, i1) individuals moving at
pace in the same direction such as in a Christian procession, and iii) individuals stationed in one
place. They possess several properties that can be used as a basis for their detection. These
properties include: footsteps vibration generated by people crowds, effect of human bodies on
Received Signal Strength (RSS) and Channel State Information (CSI), and noise disturbances
generated by riotous crowds. Different approaches employ different properties for human-sensing.
The next section provides an overview of the different human sensing categories while
highlighting their strengths and shortfalls when used for people crowd detection especially in the
urban towns of developing countries. This review focusses on the technologies, methodologies
and implementation of notable crowd sensing applications, their tradeoffs and advantages when
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used in specific scenarios. The section starts with a discussion of notable human-sensing
approaches, followed by key factors worth taking into account when developing people crowd
detection systems in developing countries. The focus is exclusively on alternatives to video and
camera based approaches..

2.1 Radio Sensing

Passive radio sensing is based on real time processing of CSI used by wireless communication
systems. Moving bodies and objects create a disturbance on electromagnetic waves. This can be
measured directly from CSI. Unlike its counterparts such as camera-based and wearable devices,
radio-based sensing does not require cooperation of monitored subjects or specialized infrastruc-
ture or images. This approach detects existence or presence of people from the RSS. Human pres-
ence is determined by the effect of humans on the RSS. Water represents 70% of the human body
which absorbs part of the 2.4GHz radio signals and thus resulting into a significant decay in the
RSS.

Sensing techniques that employ RSS include: 1) Multi-Input Multi-Output (MIMO) sensors, 2)
radio tomography, and 3) Doppler sensors. The array sensor approach exploits the multiple anten-
nas on a receiver to detect different aspects of human dynamics such as seating and falls (Hong,
& Ohtsuki, 2015). MIMO sensors base on the multiple propagation channels to detect people pres-
ence. In recent years, MIMO has transmitted large capacity in high speed using multiple antennas.
Authors in (Nishimori et al., 2011) proposed an intrusion detection method using MIMO channels.
They analyzed the antenna arrangement suitable for MIMO sensing in an indoor environment.
Radio tomography on the other hand employs the multiple transceivers of radio waves focused
towards a Region of Interest (ROI) or target. Presence of a person results into absorption and re-
flection of propagated radio waves. Human detection is thus based on attenuation resulting through
the links. The Doppler sensors compare the frequency of transmitted radio waves to the frequency
of the received in detecting the speed and movement of a person. These have been used in speed
guns. Doppler Effect has been proposed for fall detection (Erol, Amin & Boashash, 2017). Figure
1 below is a depiction of a crowd density estimation system that has a base station and sensor
nodes deployed to receive radio waves from cellular phones carried by people crowds. Collected
data is forwarded to a remote server via a gateway or LTE technology to determine the existence
of a people crowd.
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Figure 1: A depiction of crowd density estimation system using cellular technology (Shibata
& Yamamoto, 2019)
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There are several limitations to radio sensing. The approach assumes device present sensing which
requires persons to be in possession of radio devices. In addition, radio waves are affected by
fading and noise, and they face interference in indoor environments. In a study by Kostoft et al.,
evidences to the effect of 5G mobile technology on the human eye and skin, together with their
adverse systemic effects were presented (Kostoff et al., 2020).

2.2 Wi-Fi based

Wi-Fi based crowd detection approaches exploit data available on Wi-Fi infrastructure to provide
local crowd monitoring solutions. They leverage on the geospatial information collected by access
points to enable real time monitoring of people crowds. Popular crowd counting approaches that
have been used in crowd monitoring include approaches based on Channel State Information (CSI)
(Liu et al., 2019; Wang, Y., Liu et al., 2014) and Received Signal Strength (RSS) (Depatla,
Muralidharan, & Mostofi, 2015). In addition, probe requests used by smart phones to find nearby
access points have been used to estimate people counts. Authors in (Kurkcu & Ozbay, 2017)
exploited device and AP addresses to estimate pedestrian count. The strong point with Wi-Fi based
sensing is that they are non-intrusive, free of occlusion and are relatively cheaper because they
utilize already existing infrastructure. Successful application of Wi-Fi sensing have been shown in
smart home activity sensing (Wan, O’grady, & O’Hare, 2015), pedestrian counting in urban traffic
(Guillén-Pérez & Barfios, 2018), and estimation and forecasting crowd counts (Determe et al.,
2020). Wi-Fi based sensing have also been used for crowd monitoring (Mu, 2020). The depiction
in Figure 2 below has a Wi-Fi listening device that senses individuals with Wi-Fi devices in their

46


http://www.ajpojournals.org/

I
European Journal of Technology A J P @

ISSN 4520-4738 (Online)
Vol.6, Issue 1, pp 42 - 68, 2022 www.ajpojournals.org

possession. The devices access the Wi-Fi network via the different Access Points (APS).
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Figure 2: Deployment of a MAC address listening device (Andién et al., 2018)

Wi-Fi sensing will however require a dense Wi-Fi Access Point (AP) implementation. In addition,
other Wi-Fi sensing challenges include: privacy and security issues attributed to the many Wi-Fi
applications that can infer Wi-Fi logs and be used for malicious purposes. Wi-Fi signals are also
sensitive to a number of environmental factors, and coexistence of Wi-Fi sensing and networking
that can affect the performance of each other (Ma, Zhou & Wang, 2019).

2.3 Mobile Crowd Sensing

In the past few decades, the world has undergone a revolution from crowdsourcing models that
involved the use of people crowd to collect data that could otherwise have been collected
expensively using traditional methods. MCS paradigms emerged for the collection of smart city
and Internet of Things (IoT) data. It leverages on the extensive penetration of smart phones with
several embedded sensors: GPS, cameras, accelerometers, light sensors and proximity sensors to
form a large sensing system that can support a number of sensing applications. Examples of MCS
applications include: gaming (Dasari, et al., 2020), hotspot identification (Guo et al., 2014),
pilgrim tracking and identification (Koutsopoulos, 2013), and public information sharing (Yu et
al., 2015). It has also been applied in Smart Social Distance (SSD) monitoring. The MCS model
has taken the form of large reference analyzers, street level monitoring and participatory sensing.
Unlike other traditional approaches, the MCS sensing framework is divided into levels that include
crowd sensing, data collection, data transmission and application levels as shown in Figure 3 below.
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Figure 3: A depiction of the mobile crowd sensing layers (Capponi et al., 2019)

The advantage with mobile crowd sensing is that they may not require specialized fixed sensor
infrastructure and as a result are relatively cheaper. Unlike embedded systems, smart phones
carried by humans are rechargeable and hence have a loosened power constraint.

The varying radio ranges of different mobile devices however have strong impact on the design
and implementation of MCS systems. A number of existing systems use a two-step process
characterized by a first probing and then a processing stages that demand for a portable and easy
to deploy design to enable tracking of large crowds (Musa & Eriksson, 2012). In addition, mobile
sensing for large networks may not be achievable due to the high costs associated with the large
number of sensing and relay nodes. And although there has been a high penetration of smart phones,
many people still make use of low end mobile devices. As a result it is hard to come up with an
attractive incentive model for MCS.

2.4 Wearable Tags (RFID/BLE/Bluetooth tags)

Radio Frequency Identification (RFID) is a technology that uses electromagnetic fields to
automatically identify and track tags attached to objects. The object is identified by a unique tag.
The RFID system is composed of RFID tags, RFID readers, antennas and a computer used for
connecting the readers. There are three different ways of using a wearable multi-sensing device:
human-centric, environment-centric and crowd-centric. Human-centric or people-centric sensing,
is intended for collecting data on personal traits such as movement and stress. The goal of
environment-centric sensing, is to capture information such as data on weather and pollution
around a person. Finally, the third category emphasizes collecting spatial temporal data on the
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behavior of groups of people for example crowd density, and size. Examples of RFID based crowd
sensing systems include; the pilgrim tracking and identification system that used mobile phones in
an area covered by 3.5G network and saves data on mobile devices whenever there are internet
outages (Mohandes, 2011; Bolic, Rostamian, & Djuric, 2015).
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Power & Commands

4 Pligrim with
wristband RFID tag

Response (data)
-

--.--.-...-’

Tag Info. sent to Host

RS232 Serlal Communication

RFID Reader
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Figure 4: An RFID Pilgrim identification system (Mohandes, 2008)

A shortfall with RFIDs and other devise based crowd monitoring approaches is that they may
require consent from the subjects. While, out of bound crowds are very difficult to manage because
of the RFID range limitations. The approach may therefore call for additional crowd control
mechanisms or a fusion of data from more than one sensor type to ensure effective crowd detection.
Also, although their prices have fallen down over the years, the initial configuration is relatively
costly, sometimes difficult and time consuming. And materials such as metal and liquid can have
a negative impact on the signal.

2.5 Wireless Sensor Networks

A Wireless Sensor Network (WSN) is a group of spatially distributed sensor nodes interconnected
using wireless infrastructure and intended to collect data about a physical environment. The sensor
nodes that make up a WSN comprise of a positioning, mobility and power unit. Each sensor node
spread over a Region of Interest (ROI) measures fluctuations in conditions adjacent to it. And data
about the parameter of interest is then forwarded to a specialized node called the sink. To detect
subjects of interest, k sensors with range r, are randomly deployed in a ROI. Assuming sensor, s;
is placed at a point K (x;, y;). The Euclidean distance, d (s;, P) between K and any point P (x. ),
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and the binary sensing model (Ghosh, & Das, 2008) that expresses coverage, cxy (s;) of a point P
are given by Equations 1 and 2 below respectively.

d (si P) = {(x; — )2 + (y; — ¥)?} 1
Lo (L ifd(si,P) <r
Cxy (5) {O, Otherwise ?

The advantages with binary sensing is that they are relatively cheap, have low power requirements
and follow a simplistic implementation procedure. But since the binary model has been considered
imprecise because it takes on unrealistic assumptions of no uncertainty associated with a node’s
sensing process, a probabilistic model that expresses coverage in probabilistic terms as shown in
Equation 3 below has been used to explain sensing (Zou & Chakrabarty, 2003). Variations of the
probabilistic sensing models include: the shadow-fading (Tsai, 2008)) and Elfes’ sensing models
(Elfes, (2013).

0,ifr +r. <d(s; P)

Cxy (5) = e"mﬁ, ifr—r.<d(s;,P) <r+r, 3
1,ifr —r.>d(s;, P)

With regard to human sensing, sensor nodes have been deployed for crowd density estimation
(Yuan et al., 2011), and intrusion detection (Yang et al., 2014). Authors in (Tang, Huang, & Mandal,
2017) used low power sensor networks for sparse aware smart buildings to detect human steps and
track person positions with a detection accuracy of 98.3% and localization error of less than 25cm
recorded. The collaborative mode of WSNs enables simultaneous acquisition of sensor data over
a wider area. In addition, advances in macro-electromechanical technology have enhanced sensing,
processing and communication capabilities of small sized nodes that are now able to support an
ever growing range of applications that may leverage on WSN to provide additional or
complementary services. Figure 5 below is an application of WSNs for people crowd monitoring.
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Figure 5: A wireless sensor network for people crowd monitoring (Kasudiya, Bhavsar &
Arolkar, 2020)

Despite technological advancements registered in WSNSs, their application for detection of people
crowds in developing countries still presents a number of challenges: The poor communication
infrastructure and chaotic nature of people crowds in less developing lands are a hindrance to the
use of WSNs for people crowd detection. For example the lack of respect towards the different
service infrastructures means that if implemented, they require additional physical security. While
the limited and poor infrastructure cannot be relied upon to accelerate innovation. In addition,
WSNs have inherent challenges of battery life, transmission range, data collection and data security.
For example vibration sensing systems are sensitive to gait variations caused by different walking
speeds and floor variations as a result of structural heterogeneities. Despite their short falls
however, work continues to be done to improve the use of vibration sensors (Hu et al., 2019) and
the functionality of WSN at large.

2.6 Crowdsourcing

Crowdsourcing is a participatory and normally online activity in which individuals are invited to
participate in a task through a flexible voluntary open call. Examples of crowdsourcing models
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include: iReport (Toffoli, 2008), wikipedia. Mechanical Turks (MTurk) (Turk, 2010).), and the
Amazons Mechanical Turk (MTurk) [Schmidt & Jettinghoff, 2016). Their shortfalls however are
that reliability of collected data is not guaranteed and that it requires sensitization of participants.
Despite the proliferation of several incentive mechanisms (Yu et al., 2015; Yang et al., 2012; Lin
etal., 2017; Jaimes, et al., 2015) they do not provide a comprehensive guide to the most appropriate
incentive mechanism (Guo et al., 2015). Only a small number of smart phone users in developing
cities have full time internet connectivity to enable application of location information.

2.7 Sensor fusion

Sensor fusion is an approach that employs multiple sensing modalities in order to combine the
advantages while canceling their respective limitations. Input from multiple sensors such as radars
and sensor nodes form a single model capable of detecting different aspects of a target(s) of interest
that could not have otherwise be collected by a single sensor. As a result, the approach provides a
better estimation of accuracy over a wide range of conditions. An example of the fusion approach
was the integration of PIR sensors, CO> detectors and cameras to derive building occupancy (Sun,
Zhao, & Zou, 2020). While Schulz et al. presented a system for estimation of people location that
involved detection, counting, localization, tracking, and identification (Schulz, 2003). Unlike
traditional frameworks that rely on a network of dedicated and fixed sensing nodes that were
culpable to inefficient sensing coverage, high maintenance costs and limited scalability, a new
sensing infrastructure is the Mobile Crowd Sensing and Computing (MCSC). MCSC extends the
concepts of participatory sensing to leverage online and oftline mobile sensing devices (Guo et al.,
2015). This framework addresses a fusion of both human and machine in the sensing and
computational processes.

Deployment of multiple modalities is however relatively expensive in terms of resource
requirements, yet the reason for detection of people crowds may have required only a single or
few aspect of the crowd. Despite the shortfalls, with a good needs analysis sensor fusion can be a
potentially successful crowd detection or sensing approach.

3. KEY FACTORS AFFECTING PEOPLE CROWDS SENSING IN DEVELOPING
COUNTRIES

People crowds sensing in developing countries entails dealing with large numbers of chaotic
people crowds that build up in environments that are characterized by under developed
infrastructure and communication networks. People crowds are also spontaneous and cannot be
predicted when it comes to time and location of appearance. Some of the approaches described
above have been employed in detecting and tracking individual persons, whereas crowds involves
detection of multiple persons at a given time. Furthermore a number of the people detection
approaches have been for indoor environments. In addition, a number of these applications were
intended for demonstrating the feasibility of particular technologies and only for a limited period
of time. In developing countries the following properties need to be put into consideration when
designing people crowd detection systems.
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3.1 Ease of Deployment.

Node deployment is an important factor in the implementation of sensor networks. There are two
deployment methods: 1) Deterministic and, 2) random deployments (Deif & Gadallah, 2013). In
deterministic deployment nodes are positioned selectively to achieve a desired objective. While a
random sensor deployment, randomly distributes nodes in an area of interest normally by a plane.
Selective deployment is appropriate when sensors are expensive and the application of the sensor
network is highly dependent on location of the nodes. Developing countries in the 21 century are
spending a reasonable portion of their budget on infrastructural development. This has called for
modification and sometimes overhaul of already existing infrastructure. It means that any
implementations in addition to ensuring optimal deployment, coverage and connectivity, need to
meet existing budgets and adopt to ongoing minor and major renovations. It is especially true for
infrastructure-based solutions. While mobile based solutions must be supported and available on
platforms that have already penetrated the populace such as Google play and play store.

3.2. Scalability

The scalability property of a system is its ability to be modified to support changing loads. Critical
to scalability of a sensor network is the scalability of the routing protocols (Snigdh & Gosain, 2016;
Sajwan, Sharma & Verma, 2020) and, the topology of the network (Yu, Sun, & Mei, 2007). The
evident economic development being realized in most developing countries necessitates that
implementable solutions adopt to the increasing number of users, and extended period of use with
minimal or without any significant cost implications. The sheer number of nodes that may be
required to monitor wide expanses of urban cities pauses great challenges, given that WSNs are
adhoc and impose big physical constraints at both the node and system level. Therefore, in addition
to optimizing throughput, focus should also be directed towards extending the lifetime and
robustness of outdoor nodes that are also constantly subjected to fluctuations in temperature and
frequent climatic changes. Furthermore, scaling costs to be taken into account include:
infrastructure implementation, server-side system support, marketing and building of customer
base for the case of application based solutions. Figure 6 below is Kigondo town which is a transit
area in Kigali-Rwanda. And next is the proposed 30 year plan for Kigali, which is also the capital
city of Rwanda. Rwanda is an example of a fast growing country located in central Africa and
therefore with demand for fast adopting and flexible technologies.
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Figure 6: Kigali transit area and Kigali’s proposed 30 year master plan respectively (Google,
n.d; Singh, 2019).

3.3. Security

Just as WSNs have attracted interest both from industry and academia, so have the threats
(Bhushan, & Sahoo, 2020). Threats to sensing systems take the form of threats on data stored in
both mobile devices and remote servers or on the physical infrastructure themselves. The chaotic
and lawless nature characteristic to people crowds in developing countries call for special attention.
So, in addition to privacy, confidentiality and integrity of sensor data, the system physical
infrastructure must also be protected from intentional vandalism by chaotic crowds and disgruntled
individuals.

3.4. Incentives.

The proliferation of smartphones and wireless devices have been an incentive to many mobile
sensing applications. To guarantee performance however, it is essential to motivate participants.
In their survey, Zhang et al. described three major categories of incentives: entertainment, money
and services (Zhang et al., 2015). The principle behind the entertainment motivation is to reward
players as a motivation to participate. And examples include; the Tycoon game (Broll & Benford,
2005) and the Treasure game (Barkhuus et al., 2005). In service motivation, a service quota is
allocated to a participant in exchange to their contribution. Many incentives frameworks rely on
the assumption of truthful participants (Hoh et al., 2012). This is however a rare quality among
imperfect human beings. And thirdly, with money as an incentive, workers undertake advertised
tasks in exchange for payment (Antin & Shaw, 2012). There is also a high likelihood of participants
being influenced by monetary payments.

3.5. Accuracy

The accuracy of a sensor is the measure of the maximum difference that exists between the actual
value and the indicated value at the output of the sensor. The high precision requirements in both
industry and academia, makes accuracy of sensor applications an important area of research. For
example, to overcome inaccuracies resulting from synchronization, central clocks have been
employed (Alvarez et al., 2019). The accuracy of the GPS sensing technologies using smartphones,
is affected by the type of GPS receivers and device chipset (Menard et al., 2011), platform (Hess
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et al., 2012) and localization technology (Zandbergen, 2009). In addition, work has also been done
on the accuracy of sensing systems. For example Merry, & Bettinger in their work on accuracy
confirmed the average horizontal position accuracy of iPhone 6 (Merry & Bettinger, 2019).
However, on the other hand applying strict anonymization in crowd sensing can lead to poor
accuracy of provided data.

3.6. Transparency.

The word “transparency” is coined here to imply a sensing paradigm that will allow data collection
without necessarily requiring involvement of participants. Participatory sensing such as in MCS,
relies completely on users’ willingness to submit accurate information for analysis. It is a paradigm
that has taken advantage of smartphones to collect and analyze data that was previously impossible.
Wireless sensor networks and the Radio waves approaches on the other hand require less
intervention from participants. While RFID and mobile sensing will at call for consent from
participants.

3.7. Resource Consumption.

Resources considered limited in sensors and sensor networks include: battery, CPU, and memory.
Detection algorithms can be designed to both minimize resource consumption and intelligently
utilize available resources. This is especially critical in areas where nodes can easily be destroyed.
Node deployment must be planned for areas not expecting routine maintenance. Algorithms that
improve resource utilization in IoT wireless mesh networks, reduce network energy consumption
and increases network capacity have been proposed (Nurlan et al., 2021). In addition, work by
Wietfeld & Dusza showed that by changing the resource allocation scheme and without spending
spectrum resources, power consumption can be reduced by over 70% (Wietfeld, Ide & Dusza,
2014). The authors proposed an Energy Efficient Scheduling (EES) mechanism. This is a
predictive Channel-Aware Transmission (pCAT) that leverages on the favorable channel
conditions and requires much less spectrum resources. While a Wi-Fi based indoor positioning
system eliminates the need for the laborious task of the offline calibration phase but uses radio
maps generated by deployed sensors (Ali, Hur, & Park, 2019).

Overall, a people crowd detection system is dependent on the application for which it is designed.
However in developing countries, the factors discussed above are critical to a successful
implementation of crowd detection systems.

4. ANALYSIS OF HUMAN SENSING FOR URBAN CROWD DETECTION

Table 1 below presents a comparative review of the strengths and shortfalls of popular human
sensing approaches with regard to their ability to detect people crowds in developing countries.
There are a number of human sensing approaches and systems, the following examples to a
reasonable extent represent the major sensing categories.

55


http://www.ajpojournals.org/

European Journal of Technology

ISSN 4520-4738 (Online)

\Vol.6, Issue 1, pp 42 - 68, 2022

AJPE

Wwww.ajpojournals.org

Table 1: Approaches to Crowd Sensing/Detection

Solution/Article | Year | Basis Strength Shortfalls
Radio
(Shibata, & 2019 je Signal » Mitigates privacy issues ®RF based approaches
Yamamoto, strength of may require subjects to
2019) radio waves be in possession of RF-
based devices
® Require labor intensive
training phase
(de Brito Guerra | 2019 |e Narrow band p Accuracy in e [ ower data rates
et al., 2019). radio classification . )
e Subjects must be in
frequency performance and low .
. . possession of cellular
noise bandwidth )
phones or devices
® Require labor intensive
training phase
(Ding et al., 2018 e Background p Subjects do not require @@ Requires consent from
2018). radio to be in possession of subjects
frequency RFID tags ® Tags are still required
within the area of
interest
® Require labor intensive
training phase
Wi-Fi
Frog Eye (Xiet | 2014 je Channel » CSI is highly sensitive  p Like any Wi-Fi system,
al., 2014) State to environmental it requires an initial
Information | variation configuration and
(CSD) b Does not require implementation cost
subjects to be in
possession of
specialized device(s)
» Relatively accurate,
scalable and reliable
Wicount (Yang 2018 o CSI » Device free e Tested only for crowds
1., 201 )
etal., 2018) » Does not require ofup o3
training phase. e It is an indoor system
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» Can count multiple
people at the same time

» High counting and
direction detection

e Predetermined position
of counting system.
This calls for well-
planned infrastructure

sensing with
data

majority of the cities

» Can be used to provide

accuracy deployment
Freecount (Zou | 2017 e CSI » Device free » Experimented only in
etal., 2017) . indoor environments
» Only requires
commodity Wi-Fi
routers plus a software
upgrade
Deepcount 2019 | oCSI » Implemented on » Great complexity and
(Zhao et al., commercial Wi-Fi Works in a closed
2019) devices environment
» Achieved high accuracy p Tested for environments
results of up to 5 people
Mobile Crowd
Sensing
TRESIGHT 2016 ®Basingon  pInfrastructure » If wearable bracelets are
(Sun et al., 2016) FI-WARE deployment is cheaper used, participants need
technology, | than traditional to be convinced to
Integrates approaches that are participate
Crowd considered costly to a

» When implemented with
mobile applications,
they require additional

FEPOSTIOTIES | 4 dditional functionalities | resources and
such as in tourism, configurations
health and marketin .
) & @ Support for multiple
drives L .
applications increases
» Provides open data for the number of
industries and other vulnerabilities.
public bodies.
SensorPlanet 2006 | Integrates » Provides a central test ~ p Data from different
(SensorPlanet.or data from repository for sharing datasets may need to be
2) many information queried first
different ) .
. » Enables collection of » Data Heterogeneity
mobile phone . .
SCNSOTS data from a wider scale | from different sources
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Twitter
(http://twitter.co
m/)

2006

Twitter posts

» Has many subscribers.

» Twitter APIs can
retrieve latest twitter
posts

» Participants may
requires incentives to
participate. While
people will normally
participate in issues
making headlines and
only of interest to them

» Security vulnerabilities
as a result of using open
source languages related
to java and XML

Wearable-based
systems
(RFID/BLE/Blu
etooth tags)

(Weppner &
Lukowicz, 2013)

2016

Bluetooth
scan data

» Can leverage on relative
features that do not
exclusively depend on
the number of devices

» Assumes all people have
their Bluetooth devices
on discoverable mode
which is not always the
case

» Scan is limited only to
about 10m radius

» Signal attenuation due
to the high absorption
coefficient of the human
body

» Variations in life style.
Bluetooth enabled
devices are mainly used
by the urban population

» User privacy may be at
risk.

(Alhmiedat &
Aborokbah,
2021).

2021

Smart Social
Distance
(SSD)

» Easy to deploy and
maintain

» Dependable and cheap.

» May require incentives
to guarantee
participation

(Galinina et al.,
2018)

2018

Power
transfer in
exchange for
sensed data

» Provides user access to
aggregated data
contributed by the
wearables.

» User has to move
towards a designated
charging terminal, for
their devices to charge.
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» Provides redundancy of
non-personal data
coming from collocated
sensors

» Identifies data sources
for purposes of quality
assessment and reward
sharing

» Requires relatively more
infrastructure compared
with many devise free
mechanisms.

Wireless Sensor

Networks
ExScal project 2005 | Dense » Wider area coverage of pRequires a tired dense
(Arora et al., deployment jpproximately 3km deployment of sensor
2005) of sensor . . nodes
» I[ts design requirements
nodes .
nclude longer perimeter
coverage, accuracy and
robust operation, lower
numan operation and
reliability.
Crowd
Sourcing
CrowdMonitor | 2015 | Assesses » Facilitates collection of  p Data collectors may not
(Ludwig et al., physical and poth real and virtual data pe that good at situational
igital .
2015,) dlg} al » The platforms map assessment
activities of
o feature enables a good
citizens . . .
situational overview that
tnables direct
communication with data
collectors
» Incorporates approaches
o coordinate and avoid
needless duplication and
conflicts in data
ollection
Amazon 2016 | Data is » Can perform tasks that  |® High skepticism about
Mechanical Turk contributed could have otherwise the validity of data
(MTurk) by invited not been performed by )

. .. ok e Incentives necessary for
(Schmidt, & participants few individuals articipation
Jettinghoff, p p
2016)
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Sensor Fusion

Metro Sense 2006 | Integrates » Has a simplified service pMay lead to a sub-
Project concepts model that supports optimal process flow in
(Eisenman et al., from WSN heterogeneous networks | service provision
2006 d Mobil .
) A L Enables large scale » Implementation calls for
networking . . oy e .
and the people —centric sensing | availability of initial
i infrastructural
mnternet. » Enables low cost, requirernents
scalable and improved d
performance

» The sensor architecture
can benefit from already
existing infrastructure
and services

mCrowd (Yan et | 2009 | Interfaces » Encapsulates multiple  p Leveraging resource
al., 2009) MCS with crowdsourcing services | asymmetry may result
crowd . into a sub-optimal
. » Maximizes on the .
sourcing process flow to provide

popularity of multiple

: : a particular service
crowdsourcing services.

By means of examples, table 1 above provides a comparative review of human sensing categories
as reviewed in Section 2 above. Their strengths and shortfalls are highlighted.

5. CONCLUSION

The spontaneous, dynamic and chaotic nature of people crowds, together with the underdeveloped
infrastructure characterizing developing economies present unique challenges to people crowd
detection using sensors and sensor networks. In addition, the different categories of sensors and
sensor networks for human sensing do have their own inherent challenges that require special
attention to appropriately be adopted for human sensing in developing countries. And although a
number of research papers have been published on crowd detection, not much has been in the area
of people crowd sensing. While the few publications on people crowd sensing have mainly been
for application in indoor environments.

Advancement in the micro-electromechanical technology have led to production of small sized,
light weight and affordable sensor nodes that have in turn extended the application domain of
sensors and sensor networks. Given that people crowd detection continues to be an essential feature
that can be especially important in planning of service delivery, security and infrastructure, this
paper reviewed popular human sensing approaches and highlighted their respective strengths and
shortfalls when applied for people crowd detection with special focus on resource constrained
economies. By means of examples, a theoretical analysis of the various human sensing categories
has been presented.
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While efforts have been invested in many crowd detection applications, there remains need for
people crowd detection approaches that will factor in the dynamic and chaotic nature of people
crowds that is characteristic of many developing economies today. The detection system should
also take into consideration the state of communication infrastructure.

REFERENCES

Gong, S., Loy, C. C., & Xiang, T. (2011). Security and surveillance. In Visual analysis of
humans (pp. 455-472). Springer, London.

Farhan, L., Shukur, S. T., Alissa, A. E., Alrweg, M., Raza, U., & Kharel, R. (2017, December). A
survey on the challenges and opportunities of the Internet of Things (IoT). In 2017
Eleventh International Conference on Sensing Technology (ICST) (pp. 1-5). IEEE.

Arjun, D., Indukala, P. K., & Menon, K. U. (2017, April). Border surveillance and intruder
detection using wireless sensor networks: A brief survey. In 2017 International
Conference on Communication and Signal Processing (ICCSP) (pp. 1125-1130). IEEE.

Bhadwal, N., Madaan, V., Agrawal, P., Shukla, A., & Kakran, A. (2019, April). Smart border
surveillance system using wireless sensor network and computer vision. In 2079
International Conference on Automation, Computational and Technology Management
(ICACTM) (pp. 183-190). IEEE.

Ez-Zaidi, A., & Rakrak, S. (2016). A comparative study of target tracking approaches in wireless
sensor networks. Journal of Sensors, 2016.

Darabkh, K. A., Albtoush, W. Y., & Jafar, I. F. (2017). Improved clustering algorithms for target
tracking in wireless sensor networks. The Journal of Supercomputing, 73(5), 1952-1977.

Yang, D., Sheng, W., & Zeng, R. (2015, June). Indoor human localization using PIR sensors and
accessibility map. In 2015 IEEE International Conference on Cyber Technology in
Automation, Control, and Intelligent Systems (CYBER) (pp. 577-581). IEEE.

Teixeira, T., Dublon, G., & Savvides, A. (2010). A survey of human-sensing: Methods for
detecting presence, count, location, track, and identity. ACM Computing Surveys, 5(1),
59-69.

Rashid, B., & Rehmani, M. H. (2016). Applications of wireless sensor networks for urban areas:
A survey. Journal of network and computer applications, 60, 192-219.

Bouchabou, D., Nguyen, S. M., Lohr, C., LeDuc, B., & Kanellos, 1. (2021). A survey of human
activity recognition in smart homes based on IoT sensors algorithms: Taxonomies,
challenges, and opportunities with deep learning. Sensors, 21(18), 6037.

Liu, Z., Liu, X., Zhang, J., & Li, K. (2019). Opportunities and challenges of wireless human
sensing for the smart loT world: A survey. I[EEE Network, 33(5), 104-110.

61


http://www.ajpojournals.org/

I
European Journal of Technology A J P @

ISSN 4520-4738 (Online)
Vol.6, Issue 1, pp 42 - 68, 2022 www.ajpojournals.org

Carrefio, P., Gutierrez, F., Ochoa, S. F., & Fortino, G. (2013, October). Using human-centric
wireless sensor networks to support personal security. In International Conference on
Internet and Distributed Computing Systems (pp. 51-64). Springer, Berlin, Heidelberg.

Kiehl, Z. A., Durkee, K. T., Halverson, K. C., Christensen, J. C., & Hellstern, G. F. (2020).
Transforming work through human sensing: a confined space monitoring
application. Structural Health Monitoring, 19(1), 186-201.

Wu, C., Yang, Z., Zhou, Z., Liu, X., Liu, Y., & Cao, J. (2015). Non-invasive detection of moving
and stationary human with WiFi. IEEE Journal on Selected Areas in
Communications, 33(11), 2329-2342.

Zhao, Y., & You, Y. (2021). Design and data analysis of wearable sports posture measurement
system based on Internet of Things. Alexandria Engineering Journal, 60(1), 691-701.

Erol, B., Amin, M. G., & Boashash, B. (2017, May). Range-Doppler radar sensor fusion for fall
detection. In 2017 IEEE Radar Conference (RadarConf) (pp. 0819-0824). IEEE

Shibata, K., & Yamamoto, H. (2019, February). People crowd density estimation system using
deep learning for radio wave sensing of cellular communication. In 2019 International
Conference on Artificial Intelligence in Information and Communication (ICAIIC) (pp.
143-148). IEEE.

Kostoff, R. N., Heroux, P., Aschner, M., & Tsatsakis, A. (2020). Adverse health effects of 5G
mobile networking technology under real-life conditions. 7oxicology Letters, 323, 35-40.

Liu, S., Zhao, Y., Xue, F., Chen, B., & Chen, X. (2019). DeepCount: Crowd counting with Wi-Fi
via deep learning. arXiv preprint arXiv:1903.05316

Wang, Y., Liu, J., Chen, Y., Gruteser, M., Yang, J., & Liu, H. (2014, September). E-eyes: device-
free location-oriented activity identification using fine-grained Wi-Fi signatures.
In Proceedings of the 20th annual international conference on Mobile computing and
networking (pp. 617-628)

Depatla, S., Muralidharan, A., & Mostofi, Y. (2015). Occupancy estimation using only Wi-Fi
power measurements. /[EEE Journal on Selected Areas in Communications, 33(7), 1381-
1393.

Kurkcu, A., & Ozbay, K. (2017). Estimating pedestrian densities, wait times, and flows with Wi-
Fi and Bluetooth sensors. Transportation Research Record, 2644(1), 72-82.

Wan, J., O’grady, M. J., & O’Hare, G. M. (2015). Dynamic sensor event segmentation for real-
time activity recognition in a smart home context. Personal and Ubiquitous
Computing, 19(2), 287-301.

62


http://www.ajpojournals.org/

I
European Journal of Technology A J P @

ISSN 4520-4738 (Online)
Vol.6, Issue 1, pp 42 - 68, 2022 www.ajpojournals.org

Guillén-Pérez, A., & Bafios, M. D. C. (2018, October). A Wi-Fi-based method to count and
locate pedestrians in urban traffic scenarios. In 2018 14th International Conference on
Wireless and Mobile Computing, Networking and Communications (WiMob) (pp. 123-
130). IEEE.

Determe, J. F., Singh, U., Horlin, F., & De Doncker, P. (2020). Forecasting Crowd Counts with
Wi-Fi Systems: Univariate, Non-Seasonal Models. I[EEE Transactions on Intelligent
Transportation Systems.

Mu, M. (2020). Wi-Fi-based Crowd Monitoring and Workspace Planning for COVID-19
Recovery. arXiv preprint arXiv:2007.12250.

Andion, J., Navarro, J. M., Lopez, G., Alvarez-Campana, M., & Duenas, J. C. (2018). Smart
behavioral analytics over a low-cost IoT Wi-Fi tracking real deployment. Wireless
Communications and Mobile Computing, 2018.

Turk, A. M. (2010). URL https://www. mturk. com/mturk/welcome.

Ma, Y., Zhou, G., & Wang, S. (2019). Wi-Fi sensing with channel state information: A
survey. ACM Computing Surveys (CSUR), 52(3), 1-36

Dasari, V. S., Kantarci, B., Pouryazdan, M., Foschini, L., & Girolami, M. (2020). Game theory in
mobile crowdsensing: A comprehensive survey. Sensors, 20(7), 2055.

Guo, B., Chen, H., Yu, Z., Xie, X., Huangfu, S., & Zhang, D. (2014). FlierMeet: a mobile
crowdsensing system for cross-space public information reposting, tagging, and
sharing. IEEE Transactions on Mobile Computing, 14(10), 2020-2033.

Koutsopoulos, 1. (2013, April). Optimal incentive-driven design of participatory sensing systems.
In 2013 Proceedings IEEE INFOCOM (pp. 1402-1410). IEEE.

Capponi, A., Fiandrino, C., Kantarci, B., Foschini, L., Kliazovich, D., & Bouvry, P. (2019). A
survey on mobile crowdsensing systems: Challenges, solutions, and opportunities. /EEE
communications surveys & tutorials, 21(3), 2419-2465.

Musa, A. B. M., & Eriksson, J. (2012, November). Tracking unmodified smartphones using wi-fi
monitors. In Proceedings of the 10th ACM conference on embedded network sensor
systems (pp. 281-294).

Mohandes, M. (2011, June). Pilgrim tracking and identification using the mobile phone. In 20171
IEEE 15th International Symposium on Consumer Electronics (ISCE) (pp. 196-199).
IEEE.

Bolic, M., Rostamian, M., & Djuric, P. M. (2015). Proximity detection with RFID: A step toward
the internet of things. IEEE Pervasive Computing, 14(2), 70-76.

63


http://www.ajpojournals.org/

I
European Journal of Technology A J P @

ISSN 4520-4738 (Online)
Vol.6, Issue 1, pp 42 - 68, 2022 www.ajpojournals.org

Mohandes, M. (2008, May). An RFID-based pilgrim identification system (a pilot study).
In 2008 11th International Conference on Optimization of Electrical and Electronic
Equipment (pp. 107-112). IEEE.

Ghosh, A., & Das, S. K. (2008). Coverage and connectivity issues in wireless sensor networks: A
survey. Pervasive and Mobile Computing, 4(3), 303-334.

Zou, Y., & Chakrabarty, K. (2003, March). Sensor deployment and target localization based on
virtual forces. In IEEE INFOCOM 2003. Twenty-second Annual Joint Conference of the
IEEE Computer and Communications Societies (IEEE Cat. No. 03CH37428) (Vol. 2, pp.
1293-1303). IEEE.

Tsai, Y. R. (2008). Sensing coverage for randomly distributed wireless sensor networks in
shadowed environments. IEEE Transactions on Vehicular Technology, 57(1), 556-564.

Elfes, A. (2013). Occupancy grids: A stochastic spatial representation for active robot
perception. arXiv preprint arXiv:1304.1098.

Yuan, Y., Qiu, C., Xi, W., & Zhao, J. (2011, December). Crowd density estimation using wireless
sensor networks. In 2011 seventh international conference on mobile Ad-hoc and sensor
networks (pp. 138-145). IEEE.

Yang, T., Mu, D., Hu, W., & Zhang, H. (2014). Energy-efficient border intrusion detection using
wireless sensors network. EURASIP Journal on Wireless Communications and
Networking, 2014(1), 1-12.

Tang, X., Huang, M. C., & Mandal, S. (2017, October). An “Internet of Ears” for crowd-aware
smart buildings based on sparse sensor networks. In 2017 IEEE SENSORS (pp. 1-3).
IEEE.

Kasudiya, J., Bhavsar, A., & Arolkar, H. (2020). Wireless Sensor Network: A Possible Solution
for Crowd Management. In Smart Systems and loT: Innovations in Computing (pp. 23-
31). Springer, Singapore.

Hu, Y., Meng, Z., Zabihi, M., Shan, Y., Fu, S., Wang, F., ... & Zeng, B. (2019). Performance
enhancement methods for the distributed acoustic sensors based on frequency division
multiplexing. Electronics, 8(6), 617.

Toffoli, G. (2008). The Definitive Guide to IReport. Apress.

Schmidt, G. B., & Jettinghoft, W. M. (2016). Using Amazon Mechanical Turk and other
compensated crowdsourcing sites. Business Horizons, 59(4), 391-400.

Eisenman, S. B., Lane, N. D., Miluzzo, E., Peterson, R. A., Ahn, G. S., & Campbell, A. T. (2006,
October). Metrosense project: People-centric sensing at scale. In Workshop on World-
Sensor-Web (WSW 2006), Boulder.

64


http://www.ajpojournals.org/

I
European Journal of Technology A J P @

ISSN 4520-4738 (Online)
Vol.6, Issue 1, pp 42 - 68, 2022 www.ajpojournals.org

Yu, Z., Xu, H., Yang, Z., & Guo, B. (2015). Personalized travel package with multi-point-of-
interest recommendation based on crowdsourced user footprints. [EEE Transactions on
Human-Machine Systems, 46(1), 151-158.

Yang, D., Xue, G., Fang, X., & Tang, J. (2012, August). Crowdsourcing to smartphones:
Incentive mechanism design for mobile phone sensing. In Proceedings of the 18th annual
international conference on Mobile computing and networking (pp. 173-184).

Lin, J., Yang, D., Li, M., Xu, J., & Xue, G. (2017). Frameworks for privacy-preserving mobile
crowdsensing incentive mechanisms. /EEE Transactions on Mobile Computing, 17(8),
1851-1864.

Jaimes, L. G., Vergara-Laurens, I. J., & Raij, A. (2015). A survey of incentive techniques for
mobile crowd sensing. IEEE Internet of Things Journal, 2(5), 370-380.

Guo, B., Wang, Z., Yu, Z., Wang, Y., Yen, N. Y., Huang, R., & Zhou, X. (2015). Mobile crowd
sensing and computing: The review of an emerging human-powered sensing
paradigm. ACM computing surveys (CSUR), 48(1), 1-31.

Sun, K., Zhao, Q., & Zou, J. (2020). A review of building occupancy measurement
systems. Energy and Buildings, 216, 109965.

Schulz, D., Fox, D., & Hightower, J. (2003, August). People tracking with anonymous and id-
sensors using rao-blackwellised particle filters. In ZJCAI (pp. 921-928).

Guo, B., Wang, Z., Yu, Z., Wang, Y., Yen, N. Y., Huang, R., & Zhou, X. (2015). Mobile crowd
sensing and computing: The review of an emerging human-powered sensing
paradigm. ACM computing surveys (CSUR), 48(1), 1-31.

Deif, D. S., & Gadallah, Y. (2013). Classification of wireless sensor networks deployment
techniques. /[EEE Communications Surveys & Tutorials, 16(2), 834-855.

Snigdh, 1., & Gosain, D. (2016). Analysis of scalability for routing protocols in wireless sensor
networks. Optik, 127(5), 2535-2538.

Sajwan, M., Sharma, A. K., & Verma, K. (2020). Analysis of scalability for hierarchical routing
protocols in wireless sensor networks. In Proceedings of ICETIT 2019 (pp. 107-116).
Springer, Cham.

Yu, R., Sun, Z., & Mei, S. (2007, March). Scalable topology and energy management in wireless
sensor networks. In 2007 IEEE Wireless Communications and Networking
Conference (pp. 3448-3453). IEEE.

Google, n.d. [Satellite image showing Gikondo Transit Center, Kigali, Rwanda.]. Retrieved
January 19, 2022 from https://www.hrw.org/report/2020/01/27/long-we-live-streets-they-
will-beat-us/rwandas-abusive-detention-children

65


http://www.ajpojournals.org/
https://www.hrw.org/report/2020/01/27/long-we-live-streets-they-will-beat-us/rwandas-abusive-detention-children
https://www.hrw.org/report/2020/01/27/long-we-live-streets-they-will-beat-us/rwandas-abusive-detention-children

I
European Journal of Technology A J P @

ISSN 4520-4738 (Online)
Vol.6, Issue 1, pp 42 - 68, 2022 www.ajpojournals.org

Singh, J. P. (2019, May). Rwanda: Imminent Kigali city master plan to reveal development
roadmap for 30 years. Devdiscourse News Desk.
https://www.devdiscourse.com/article/other/533242-rwanda-imminent-kigali-city-master-
plan-to-reveal-development-roadmap-for-30-years

Bhushan, B., & Sahoo, G. (2020). Requirements, protocols, and security challenges in wireless
sensor networks: An industrial perspective. In Handbook of computer networks and cyber
security (pp. 683-713). Springer, Cham.

Zhang, X., Yang, Z., Sun, W., Liu, Y., Tang, S., Xing, K., & Mao, X. (2015). Incentives for
mobile crowd sensing: A survey. IEEE Communications Surveys & Tutorials, 18(1), 54-
67.

Broll, G., & Benford, S. (2005, September). Seamful design for location-based mobile games.
In International Conference on Entertainment Computing (pp. 155-166). Springer,
Berlin, Heidelberg.

Barkhuus, L., Chalmers, M., Tennent, P., Hall, M., Bell, M., Sherwood, S., & Brown, B. (2005,
September). Picking pockets on the lawn: the development of tactics and strategies in a
mobile game. In International Conference on Ubiquitous Computing (pp. 358-374).
Springer, Berlin, Heidelberg.

Hoh, B., Yan, T., Ganesan, D., Tracton, K., Iwuchukwu, T., & Lee, J. S. (2012, September).
TruCentive: A game-theoretic incentive platform for trustworthy mobile crowdsourcing
parking services. In 2012 15th International IEEE Conference on Intelligent
Transportation Systems (pp. 160-166). IEEE.

Antin, J., & Shaw, A. (2012, May). Social desirability bias and self-reports of motivation: a study
of Amazon Mechanical Turk in the US and India. In Proceedings of the SIGCHI
Conference on Human Factors in Computing Systems (pp. 2925-2934).

Alvarez, R., Diez-Gonzalez, J., Alonso, E., Fernandez-Robles, L., Castejon-Limas, M., & Perez,
H. (2019). Accuracy analysis in sensor networks for asynchronous positioning
methods. Sensors, 19(13), 3024.

Menard, T., Miller, J., Nowak, M., & Norris, D. (2011, October). Comparing the GPS
capabilities of the Samsung Galaxy S, Motorola Droid X, and the Apple iPhone for
vehicle tracking using FreeSim_Mobile. In 2011 14th International IEEE Conference on
Intelligent Transportation Systems (ITSC) (pp. 985-990). IEEE.

Hess, B., Farahani, A. Z., Tschirschnitz, F., & von Reischach, F. (2012, November). Evaluation
of fine-granular GPS tracking on smartphones. In Proceedings of the First ACM
SIGSPATIAL International Workshop on Mobile Geographic Information Systems (pp.
33-40).

66


http://www.ajpojournals.org/
https://www.devdiscourse.com/devdiscourse-stories
https://www.devdiscourse.com/article/other/533242-rwanda-imminent-kigali-city-master-plan-to-reveal-development-roadmap-for-30-years
https://www.devdiscourse.com/article/other/533242-rwanda-imminent-kigali-city-master-plan-to-reveal-development-roadmap-for-30-years

I
European Journal of Technology A J P @

ISSN 4520-4738 (Online)
Vol.6, Issue 1, pp 42 - 68, 2022 www.ajpojournals.org

Zandbergen, P. A. (2009). Accuracy of iPhone locations: A comparison of assisted GPS, Wi-Fi
and cellular positioning. Transactions in GIS, 13, 5-25.Merry, K., & Bettinger, P. (2019).
Smartphone GPS accuracy study in an urban environment. PloS one, 14(7), €0219890.

Merry, K., & Bettinger, P. (2019). Smartphone GPS accuracy study in an urban
environment. PloS one, 14(7), €0219890.

Nurlan, Z., Kokenovna, T. Z., Othman, M., & Adamova, A. (2021). Resource Allocation
Approach for Optimal Routing in IoT Wireless Mesh Networks. IEEE Access, 9, 153926-
153942.

Wietfeld, C., Ide, C., & Dusza, B. (2014, June). Resource efficient mobile communications for
crowd-sensing. In 2014 51st ACM/EDAC/IEEE Design Automation Conference
(DAC) (pp. 1-6). IEEE.

Ali, M. U,, Hur, S., & Park, Y. (2019). Wi-Fi-based effortless indoor positioning system using
[oT sensors. Sensors, 19(7), 1496.

Shibata, K., & Yamamoto, H. (2019, February). People crowd density estimation system using
deep learning for radio wave sensing of cellular communication. In 2019 International
Conference on Artificial Intelligence in Information and Communication (ICAIIC) (pp.
143-148). IEEE.

de Brito Guerra, T. C., de Santana, P. M., de Medeiros Campos, M. M., de Oliveira Mattos, M.,
de Medeiros, A. A., & de Sousa, V. A. (2019). RF-Driven Crowd-Size Classification via
Machine Learning. IEEE Antennas and Wireless Propagation Letters, 18(11), 2321-2324.

Ding, H., Han, J., Liu, A. X., Xi, W., Zhao, J., Yang, P., & Jiang, Z. (2018). Counting human
objects using backscattered radio frequency signals. IEEE Transactions on Mobile
Computing, 18(5), 1054-1067.

Xi, W., Zhao, J., Li, X. Y., Zhao, K., Tang, S., Liu, X., & Jiang, Z. (2014, April). Electronic frog
eye: Counting crowd using WiFi. In IEEE INFOCOM 2014-IEEE Conference on
Computer Communications (pp. 361-369). IEEE.

Yang, Y., Cao, J., Liu, X., & Liu, X. (2018, July). Wi-Count: Passing people counting with COTS
WiFi devices. In 2018 27th International Conference on Computer Communication and
Networks (ICCCN) (pp. 1-9). IEEE.

Zou, H., Zhou, Y., Yang, J., Gu, W., Xie, L., & Spanos, C. (2017, December). Freecount: Device-
free crowd counting with commodity wifi. In GLOBECOM 2017-2017 IEEE Global
Communications Conference (pp. 1-6). IEEE.

Zhao, Y., Liu, S., Xue, F., Chen, B., & Chen, X. (2019). DeepCount: Crowd counting with Wi-Fi
using deep learning. Journal of Communications and Information Networks, 4(3), 38-52.

67


http://www.ajpojournals.org/

I
European Journal of Technology A J P @

ISSN 4520-4738 (Online)
Vol.6, Issue 1, pp 42 - 68, 2022 www.ajpojournals.org

Hong, J., & Ohtsuki, T. (2015). Signal eigenvector-based device-free passive localization using
array sensor. [EEE Transactions on Vehicular Technology, 64(4), 1354-1363.

Nishimori, K., Koide, Y., Kuwahara, D., Honmay, N., Yamada, H., & Hideo, M. (2011, April).
MIMO sensor-evaluation on antenna arrangement. In Proceedings of the 5th European
Conference on Antennas and Propagation (EUCAP) (pp. 2771-2775). IEEE.

Sun, Y., Song, H., Jara, A. J., & Bie, R. (2016). Internet of things and big data analytics for smart
and connected communities. /[EEE access, 4, 766-773.

Weppner, J., & Lukowicz, P. (2013, March). Bluetooth based collaborative crowd density
estimation with mobile phones. In 2013 IEEE international conference on pervasive
computing and communications (PerCom) (pp. 193-200). IEEE.

Alhmiedat, T., & Aborokbah, M. (2021). Social distance monitoring approach using wearable
smart tags. Electronics, 10(19), 2435.

Galinina, O., Mikhaylov, K., Huang, K., Andreev, S., & Koucheryavy, Y. (2018). Wirelessly
powered urban crowd sensing over wearables: Trading energy for data. [EEE Wireless
Communications, 25(2), 140-149.

Arora, A., Ramnath, R., Ertin, E., Sinha, P., Bapat, S., Naik, V., ... & Parker, K. (2005, August).
Exscal: Elements of an extreme scale wireless sensor network. In //th IEEE International
Conference on Embedded and Real-Time Computing Systems and Applications
(RTCSA'05) (pp. 102-108). IEEE.

Ludwig, T., Reuter, C., Siebigteroth, T., & Pipek, V. (2015, April). CrowdMonitor: Mobile crowd
sensing for assessing physical and digital activities of citizens during emergencies.
In Proceedings of the 33rd Annual ACM Conference on Human Factors in Computing
Systems (pp. 4083-4092).

Yan, T., Marzilli, M., Holmes, R., Ganesan, D., & Corner, M. (2009, November). mCrowd: a
platform for mobile crowdsourcing. In Proceedings of the 7th ACM conference on
embedded networked sensor systems (pp. 347-348).

68


http://www.ajpojournals.org/

