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Flowchart: Localization and Surveillance using WiFi Technology
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Chapter 1

Introduction

Localization is broadly used in wireless sensor network (WSN) [23] to identify

the current location of the wireless devices. A WSN [14] consists of thousands

of devices, and they are connected to each other wirelessly. The wireless connec-

tion reduces not only the cost of installation but also maintenance overhead. In

wireless technology, Wi-Fi is popular due to its inherent features. Even in the

currently appearing Internet of Things (IoT) technology, it is very much suit-

able. However, due to noise, shadowing, and fading effects on the signal in the

environment, it is not easy to estimate the exact location of the wireless device

in an environment, specifically in the indoor environment [72]. In addition, the

environmental effects repeatedly change from time to time. Therefore, the loca-

tion of a wireless device using signal strength is important because the data rate

and sensing capability entirely depend on it. In particular, manually finding the

location of a device is very difficult in a dense network topology [68]. It raises

a problem where one must identify the current location of the device without

using any special hardware. The signal strength-based localization techniques

make the process simple and economical. Therefore, researchers currently focus

on the received signal strength indicator (RSSI)-based localization approach [5].

To mitigate the influence of environmental effects in the RSSI technique [95],

different methods have been proposed in the literature. However, the existing

1



2 Introduction

methods fail to achieve the desired level of performance in several environments.

To overcome such drawbacks, this thesis has proposed some robust localization

techniques using Wi-Fi signals under different environments.

In different real applications, the messages may scatter due to various reasons,

such as external noise, effects of electronic gadgets, signal blockage, etc. The

position-based wireless communication using Wi-Fi [71] is one of the most com-

pelling and demanding techniques to address such issues. In position-based com-

munication establishment between wireless devices, the knowledge of their po-

sitions is essential. Communication to the devices with their positions reduces

various external effects in communicating signals, including scattering, which not

only increases communication efficiency but also reduces processing overhead. By

the RSSI-based tracking [49] applications, the trajectory of a moving device can

be easily identified. For the long ranges between these devices, the exchange of

data may be significantly distracted. Therefore in WSN, a proper communication

strategy needs to be developed to limit the scattering of messages.

Typically, a common Wi-Fi router provides service through a one-hop network

topology. When communication is required in a particular direction, the coverage

increment of a single-hop connection increases power consumption. It restricts

the applicability of single-hop networks. Developing a sensing-capable network

to cover a large area, multi-hop communications can be used. It decreases power

consumption.

This thesis has focused on a different kind of localization and surveillance system

based on WSN consisting of Wi-Fi routers. It first has proposed some improved

localization techniques to find sensor locations. Then, with these sensors, a multi-

hop network is developed to deal with the surveillance system. This thesis also has

provided efficient and robust tracking technique in same specific environments.

1.1 Fundamentals of Wi-Fi Technology

Wi-Fi is an alternative network solution to wired networks, which is commonly

used for connecting devices in wireless mode. Wi-Fi stands for Wireless Fidelity
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and is a generic term that refers to IEEE 802.11 standard for wireless local net-

works (WLANs). Wi-Fi uses radio technology to exchange data at high speed,

which commonly operates on a 2.4 GHz radio spectrum within a 30 m range and

produces 4-6 Mbps data speed. Wi-Fi may be used for several functionalities in

WSN, including communication [11], sensing [56], monitoring [66], and control

[21]. Its working modes are described below:

• A Wi-Fi transmitter device [90] transmits data through a radio signal with

the help of an antenna to one or more receiver devices [34].

• A Wi-Fi receiver device receives the signal and acquires the data. Then it

sends the information to the computer with the help of a wired connection

[69] for processing.

The Wi-Fi routers can work as a transceiver together for transmitting and re-

ceiving data [84]. Commonly the commercial routers are connected with wired

cables to the WLANs and provides access to indoor computers or smartphones

through radio signals. A typical diagram of the Wi-Fi infrastructure is shown in

Fig. 1.1.

Computer Printer

Router Router

Figure 1.1: A diagram of WiFi System.
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1.1.1 Benefits of Wi-Fi

The wireless nature of such a network permits the users to access network re-

sources from any place within the network. Some primitive functionalities de-

scribed below can be achieved easily by the wireless network using Wi-Fi.

• Mobility: A user can move from one place to another with his personal

electronic devices. In a conventional wired network, users cannot access

services from different regions with their personal devices due to the limita-

tions of connections. The user can easily move between the different regions

with the devices in a wireless network.

• Connectivity: Connectivity stands when two or more devices are able to

stay connected with each other. In a wired network [26], it is impossible for

the users to remain connected to the network in moving conditions. In Wi-

Fi-based scenarios, a user can use network connectivity and communication

in moving conditions through the wireless medium.

• Expandability: Wireless networks [100] can adopt and manage a large num-

ber of users. A sudden increase in the number of customers can easily be

managed with existing equipment, with a suitable software development.

• Cost: The more important thing about a network is its installation and

maintenance cost. To serve the wired network connectivity among a large

number of users, there must be a huge installation and maintenance cost.

In contrast, wireless networks can serve a large number of users with much

lower costs than those of wired networks.

1.1.2 Issues and Drawbacks of Wi-Fi

The modern age technology has adopted Wi-Fi technology [67] due to its several

advantages. To relax different restrictions over the conventional network, it in-

troduces several drawbacks. Some major drawbacks and issues have been listed

below.
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• Security: The wired network is highly secured for data communication [2].

Wireless communication involves security threats which becomes an impor-

tant research area.

• Scalability: The wired network connection can be spread over several kilo-

meters. The standard range of a common Wi-Fi router [81] with traditional

equipment is up to 30 m. It is insufficient to serve the users in a distant

place. Moreover, wireless signals can be blocked by tree canopies, obstacles,

buildings, etc., which prevent reliable communication with distant users.

The multi-hop wireless network [77] is a solution to this problem.

• Network speed: The wire connection can provide higher speed (100 Mbps

up to several Gbps). The speed provided by a wireless connection [59] (typ-

ically 1-54 Mbps) is much slower than a wired connection. Even the signal

between two devices can be affected by the surrounding signals present in

the environment. Some sophisticated devices with relevant software [41] are

necessary to resolve this problem.

This thesis mainly has focused on the scalability of the network. It has developed

a localization technique to estimate the location of sensors. It also has developed

a method to track vehicles. Our goal is to achieve the above-mentioned services

in reality with the help of a large number of sensor nodes or reference devices for

a wireless network [98]. Developing a WSN there have mainly two challenges, one

is cost and another is energy. To conquer these issues, we have tried to develop a

WSN with the help of cheap and energy-saving modules, which are easily available

in the market as well as IoT-enabled [65]. In general, multi-hop communication

is designed for surveillance with a considerable increase in network coverage with

low energy cost. We have implemented a sensor-based indoor surveillance system,

where, multi-hop routers are installed in different rooms, and different sensors

are associated with them to look after irregular activities in the room such as

alcohol, fire, etc. Moreover, by connecting to any router with a smartphone,

different irregular activities in a room can be detected by the smartphone’s APP.

We have designed this APP [1]. It saves a huge amount of energy compared to

direct communication.
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In this thesis, we mainly focus on three different issues, including indoor local-

ization, on-road vehicle tracking, and indoor surveillance system on the basis of

Wi-Fi technology [93]. According to the requirement, some Wi-Fi modules which

are easily available in the market are described below.

1.2 Some useful low cost Wi-Fi modules

A module is a part that can be easily added, removed, or replaced in a system. A

router consists of different kinds of modules for various purposes, such as sensing,

processing, tracking, and communications. This work has considered four Wi-Fi

modules to design the WSN system: 1) Node MCU, 2) ESP32, 3) Wemos, and

4) Arduino Uno. The following table shows the parameters based on which the

modules can be selected for a specific application.

Table 1.1: Comparison of Node MCU, ESP32, Wemos, and Arduino Uno modules
Modules Node MCU ESP32 Wemos Arduino Uno

Role of the
module

Microcontroller
development
board

Chip on mi-
crocontroller
development
board

Microcontroller
development
board

Microcontroller
development
board

Signal
propaga-
tion

Omni-
directional

Omni-
directional

Omni-
directional

No

Operating
voltage

3.3v 3.3v 5v 5v

WiFi Yes Yes Yes No
Bluetooth No Yes No No
Coverage 21 m 25 m 18 m No
Efficiency Medium High Medium Medium
Price $5.3 $8.2 $5.5 $7.66

In the market, various sophisticated modules are available, like Jetson Nano,

Raspberry Pi, etc. The cost of the Jetson Nano module is $165, and the cost of

Raspberry Pi is $175. The above table shows that the modules mentioned above

are of much low cost. This thesis has used two or three modules at the same site

to develop a router with relevant functionalities having similar performance as

the WSN system consisting for Jetson Nano or Raspberry Pi. It reduces the cost
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of implementation. The main functions of these modules are briefly described

below.

1.2.1 Node MCU

The Node MicroController Unit (Node MCU) (Fig. 1.2) is a development board

with Wi-Fi capability. It uses an ESP8266 microcontroller chip. In the localiza-

tion technique, this module is preferred because of its programming simplicity

and low energy consumption property. In the indoor environment, sensors are

Figure 1.2: Node MCU (ESP8266).

deployed with very short distances among them (i.e., less than 20 m). Therefore,

Node MCU is a greedy choice for indoor applications.

1.2.2 ESP32

The ESP32 (Fig. 1.3) development board is a popular system based on the

ESP32 microcontroller chip, which supports dual-mode (Wi-Fi and Bluetooth)

of communication. It can cover a large area compared to Node MCU. A vehicle

Figure 1.3: ESP32.
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tracking system inherently requires a comparatively large area. Therefore, the

use of ESP32 is popular in vehicular tracking.

1.2.3 Wemos

The wemos D1 R2 (Fig. 1.4) is a development board with Wi-Fi functionality. It

consists of the ESP8266 microcontroller chip. Its coverage range is about 15 m,

Figure 1.4: Wemos D1 R2 ESP8266.

which is very useful for indoor communication. Its operating voltage is 5v.

1.2.4 Arduino Uno

Arduino Uno (Fig. 1.5) board is an open-source electronics platform based on

easy-to-use software. It doesn’t have built-in Wi-Fi or Bluetooth facilities. It

Figure 1.5: Arduino Uno.

operates on 5v. Since Arduino Uno originally has no wireless capability, it is

very useful for wired sensor connections. However, external Wi-Fi or Bluetooth

antenna needs to be separately included to enable its wireless capability. To make
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a multi-hop router network, for sensor data management tasks Arduino Uno is a

suitable option.

Note that both the NodeMCU, ESP32, wemos D1 R2 and Arduino Uno can be

programmed by Arduino integrated development environment (IDE) software.

To perform different types of work with these modules, it requires different types

of programs. According to the program, they have different functionalities, which

restrict the module to be used in practical applications. The work categories of

these modules regarding the program are described below.

1.3 Mode of module

Amodule may be used to play the role of an access point (AP), a station (STA), or

a controller. Fig. 1.6 describes the router framework consisting of three modules:

AP STA Controller

Temperature
Sensor

Motion
Sensor

Figure 1.6: Router framework.

1) AP, 2) STA, 3) controller based on Wi-Fi functionalities. These three modes

of action of a module are described below.
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1.3.1 Access Point

As a standalone wireless module, AP is an integral component of the router

itself. Its main work is to allow other wireless devices to connect to the network

and data forwarding. The AP decides the next-hop router for data forwarding

according to the routing protocol. The data will be sent to the next-hop router

via wireless connection. The AP receives data from the connected sensor devices

or forwarding data from other routers. The AP may receive two types of data :

1) query for some information from a specific router sensed by connected sensors,

2) forwarding data from another router. If it receives query then the AP will send

it to the controller via STA for required data sensed by the connected sensors

devices. The response will not forwarded to AP to STA through wire, inside the

router. The response will forwarded from STA of a router to AP of another router

wirelessly through a different path. The AP receives forwarding data via the STA

as the response against the query, and data directed towards the destination. In

either case, the data with will be forwarded to the next-hop according to the

routing protocol. To perform such work, the module AP has been programmed

accordingly. Different types of AP modules are required for different purposes.

For indoor localization a Node MCU, for vehicle tracking an ESP32, and for

multi-hop router network a wemos may be used as an AP.

1.3.2 Station

A station (STA) is a module which is an integral component of the router along

with the AP. The main work of STA is that it connects to the AP of other

routers to increase network coverage. It receives data collected by the AP of

same router through wire connection and sends it to the AP of the destination

router through wireless connection. It cannot connect more than one AP at a

time. For establishing connectivity between two modules, an STA is also required

along with the AP. The module for designing the STA has to be of the same type

(ESP32 or wemos) as that of the AP. For indoor localization a Node MCU, for

vehicle tracking an ESP32, and for multi-hop router network a wemos may be
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programmed as the STA.

1.3.3 Controller

A controller is a module that manages or directs the flow of data between two

systems (e.g., sensors and STA). In the router, it is used to exchange data between

STA and sensors through wires. The controller is programmed to manage and

forward the sensors data to the STA. In a router, a controller reduces the working

burden to the AP and STA, which is connected with wires because with the

wire more protected data can be passed than wireless. Arduino Uno is used as

controller to communicate between STA and sensors.

1.3.4 Working Procedure

The router consists of wire-connected modules AP, STA, and controller. Both the

modules AP and STA can receive and forward the data through communication

channels. AP allows other wireless devices (like smartphones, laptops, etc.) to

connect to the router, and STA can wirelessly connect to the AP of another

router to increase the network size. By connecting multiple routers wirelessly, a

multi-hop sensor network can be formed. Fig. 1.7 described the communication

strategy of the multi-hop router network, where each router consists of an AP and

an STA for communicating with other routers. The STA connects other routers’

AP wirelessly to form a network where inside a router, AP and STA communicate

with each other using the wired protocol. At a time, an STA can only connect to

a single AP, but multiple STAs can be connected to an AP. Whenever an AP or

STA module receives data, it forwards it to the connected modules, whether the

connected module is the wire or wirelessly connected. However, in the reality,

finding the position of a mobile device or static object is important. Using the

multi-hop network, it may be solved easily. With the Node MCU modules, the

localization framework is designed.
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Figure 1.7: Working Procedure.

1.4 Localization

Localization is very crucial information to find the location of the module with

the help of a specific method. The information from the module is useless if there

is no idea of geographical locations. A wireless network consists of a large number

of modules that make the localization procedure more complicated. Moreover,

wireless signals are uncertain and vary according to the environment. To over-

come such drawbacks, in the literature, various methods have been presented.

Such as the trilateration localization method (TLM) [63], where at least three

anchor devices are required to locate the position of an unknown device. This lo-

calization process is based on the intersecting coverage zones of anchor devices. If

the number of anchor devices is increased, then computational and management

overhead also is increased, which consumes high energy, leading to serious pric-

ing issues. The angle of arrival (AoA) [24] methods are utilized with delays, and

angle measurement, which is a too lengthy process because of the complexity of

the method. The process is time-consuming and needs some additional hardware

for computations, which is too costly as well as requires extra overhead. Those

methods are either based on expensive hardware or time-consuming. Among the
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localization methods, the most reliable and inexpensive method is the RSSI-based

technique. In this work, a simple and robust RSSI-based localization method has

been presented to find the location of STA with the help of APs signals in the

indoor environment. Though RSSI-based localization methods have some draw-

backs, which are described below.

Drawbacks in RSSI-based Localization Techniques:

• Due to the presence of environmental catalyst factors, the measured RSSI

values frequently fluctuate, which highly affects the localization method.

Because of this fluctuation in RSSIs, the shape of RSSIs are uncertain. So

does not represent any pattern significantly.

• Since, due to the signal uncertainty, the RSSI values frequently fluctuate to

consecutive positions. Therefore, a proper model with appropriate RSSIs

is required to achieve higher accuracy because accuracy depends on the

estimated method and the choice of the proper RSSI data.

To mitigate the issues in signals and existing methods, some procedures are taken

into consideration, which is described in the following.

Improvement in RSSI-based Localization Techniques:

• In [63], a solution has been proposed with at least three anchor devices,

which increase computational overhead as well increase the cost of the sys-

tem. To reduce the management overhead and overall cost of the system,

in this work, at most, two APs are used to localize the location of an STA.

• In [24], the AOA-based localization system is designed with additional ex-

pensive hardware, but our proposed work does not use any additional hard-

ware for RSSI-based localization, where the system is designed with a simple

setup.

• To get higher accuracy in localization, some special RSSI-based algorithm is

used, which is very simple and robust than other state-of-the-art algorithms

[63], [24], [38].
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To represent the fluctuating character of RSSI data, this work mainly focuses

on the least square-based non-linear regression technique, where an exponential

model is used to represent the relationship between RSSIs and distances such

that monotonic locations can be estimated with the exponential model. Com-

pared to the linear Kalman filter method (KFM) [38], the non-linear exponential

model achieves higher accuracy in representing the relationship between RSSIs

and distances.

1.5 Vehicle Tracking

Tracking aims to identify the location of a vehicle over time. For example, the

trajectory of a vehicle may be tracked. A tracking method also faces a similar

challenge as that of localization. Due to mobility, the challenges vary over time.

Consequently, sophisticated localization finding methods can not be used.

The camera-based surveillance approach is very costly and may violate the privacy

of people. Multi-hop network may be used to improve the performance of tracking

mobile objects. This thesis has proposed a simple and robust technique of finding

the location for tracking a mobile object. This work mainly has used, a wireless

multi-hop router network with the Wesmos D1 R2 and Arduino Uno for indoor

surveillance and tracking. The proposed surveillance system is fully sensor based

and does not violate user privacy.

It provides almost accurate location in tracking process even when the distances

are noisy due to noise in the signals.

1.6 Multi-hop Networks

Multi-hop wireless connections use two or more wireless hops to transmit infor-

mation from a source to the destination. Without increasing the sensing coverage

of an individual router, the connection range of the network can be increased. It

reduces the hardware implementation cost. Fig. 1.8 depicts a multi-hop router

network scenario with four routers. Each of the routers have the same sensing
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Figure 1.8: Multi-hop router network.

coverage. As mentioned earlier, the STAs of multiple routers can establish con-

nection to the AP of a router, whereas the STA of a router can connect only to a

single AP. The common network infrastructure is based on wired cables to pro-

duce better network performance and reliability. Fig. 1.9 illustrates conventional

wired network scenario, where service may be provided to different buildings by

the underground wire connection.

Police Station

Police

HOSPITAL

Super Market

Car Parking Fire StationFire Station

Gateway 
Router

Wire
Cable

Figure 1.9: Conventional network.
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The conventional wired network has some drawbacks, which are described below.

Drawbacks of Conventional Network: Most of the parts of conventional

wireless networks are consist of wire cables to produce a high data rate. It may

not be useful for several small and personal network systems due to the following

reasons:

• wire connections are costly,

• power consumption is very high,

• maintenance is also very expensive.

These issues can be addressed effectively by a wireless multi-hop network.

Advantages of Multi-hop Wi-Fi Network: In the multi-hop wireless net-

work, the modules are lightweight and inexpensive. So it is highly acceptable in

some working fields due to the following reasons.

• A wireless router is easily portable from one place to another.

• Multi-hop routing increases communication coverage to any direction.

• Maintenance and installation costs are very low.

• Load can be distributed among multiple routers easily.

The goal of developing the multi-hop network is to satisfy the following properties:

• Cost-effectiveness of the system,

• Energy-efficiency of the system,

• Short communication coverage,

• Capability of multi-hop routing.
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To achieve this goal, this thesis has proposed a wireless multi-hop router network

for the surveillance system in the indoor environment. The main contributions

are described as follows:

• Each router is designed with an AP, an STA, a controller and different

sensors depending on applications environment,

• A application (APP) has been designed for providing command and request

for real-life use on mobile devices.

1.7 Organization and Scope of the Thesis

This thesis aims to improve the existing technologies of object tracking and

surveillance. With this motivation, the thesis has proposed a simple and robust

localization technique. This localization is suitable for tracking mobile objects in

reality. Using such localization methods a surveillance system has been developed

using a multi-hop wireless network.

• In chapter 3, with the angular technique, the distance between the rotating

object and the wall is estimated with the help of at most two STAs inside

a room. The STA is placed at different angles with the AP, but the AP is

fixed to the center of the rotating object. With the intersecting points of

two circles generated by the angle, the distance between the wall and the

center of the rotating object is estimated.

• In chapter 4, linear distances between the station and access point are esti-

mated using the RSSI technique, where the different experimental environ-

ment is considered. With the low-cost modules and simple setup, we have

successfully measured the distances between two modules using a wireless

signal in a robust manner.

• In chapter 5, the RSSI-based smartphone localization system has been de-

veloped for indoor environments, where the smartphone location is deter-

mined by the distances of noisy environments. The proposed method is
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simple and robust, which produces higher accuracy compared to other ex-

isting methods present in the literature.

• In chapter 6, the received signal strength (RSS)-based real-time on-road

vehicle tracking infrastructure has been developed where using the RSS from

a vehicle to different BSs, vehicle location is determined. This proposed

method is very effective for the vehicle tracking system and can produce

very prompt responses on vehicle position.

• In chapter 7, an indoor surveillance system has been developed with the

multi-hop router network, where the routers are sensing capable and the

sensors can control or monitor using a user smartphone. The proposed

sensing capable strongly connected multi-hop network is very effective and

can do several jobs.

1.8 Conclusions

In this thesis, localization and a tracking system have been designed. Besides, a

multi-hop router network has been developed. In the localization system, using

the regression technique, with the three APs’s distance position of smartphone

is localized. For localization, Node MCU modules have been used, which is low

cost and efficient. The Node MCU has Wi-Fi functionality, therefore compared

to other relative wireless technology its performance is very high. So a better

performance can be achieved. Besides, for vehicle tracking, the ESP32 modules

can be used, which have more communication range than Node MCU. For vehicle

localization, to get higher efficiency, probability-based methods are used. Then, a

multi-hop router network is developed with the wemos D1 R2 and Arduino Uno.

The router is capable of sensing the environment with the associated sensors.
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Related Work

In this chapter, we present a brief survey of localization, tracking and multi-hop

communication techniques and discuss common issues.

2.1 Localization technique

In the localization technique, the related work are as follows.

2.1.1 Literature Survey

Xie et al. [82] propose an improved Spearman distance-based KNN (SD-KNN)

algorithm. To mitigate different radio terminal effects on absolute RSSI values,

rankings are used to replace the absolute ones for position determinations. The

Spearman rank correlation coefficient is a non-parametric measure of statistical

dependence which evaluates how well the relationship between two variables can

be expressed by a monotonic function that is appropriate for both continuous

and discrete variables. This localization procedure has been built with an offline

fingerprint database. First, the position fingerprints of the objects are collected,

then the Spearman distances are calculated to select all locations with a min-

imum one using the KNN approach. Simulation results demonstrate that the

19
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SD-KNN method outperforms the original KNN method as well as the polyno-

mial regression method under the indoor environment in severe multipath fading.

Hoang et al. [33] present a soft range limited KNN (SRL-KNN) localization fin-

gerprinting algorithm. Unlike the conventional KNN methods, SRL-KNN scales

the fingerprint distances by a range factor associated with the physical distances

between the previous and reference positions in the database to mitigate the loca-

tion ambiguity. The experiment is conducted with the support of an autonomous

robot such that the time consumption and the degree of human involvement can

significantly be reduced such that the target location navigation and fingerprint

collection can be done automatically. The SRL-KNN does not require the knowl-

edge of exact moving speed and direction. Actual on-site experimental results

demonstrate that the new algorithm achieves higher localization accuracy com-

pared to other conventional algorithms under the same test environment. Yin

et al. [88] address the Bayesian sensor fusion technique for distributed position

estimation. Where the RSSI-based system is studied using the unscented Kalman

filter (UKF) approach for each radio sensor to spatial estimation and proposes

a novel distributed method that combines the soft outputs sent from selected

sensors as well as computes the appropriate Bayesian estimates at the original

positions. The objective is to investigate the probabilistic sensor fusion strate-

gies for position estimation by developing a novel distributed UKF (Distr-UKF)

scheme. The approximated inference is sent to the fusion center, which calculates

the fused location of the moving object. The computational cost of this algorithm

is less and achieves higher accuracy than the centralized UKF method. In [86],

an enhanced min-max with area partition strategy (Min-Max-APS) is presented

to acquire a better localization performance where the area of interest is first

partitioned into four subareas, each of which contains a vertex of the actual area.

After, a minimum range difference criterion is planned to determine the target

affiliated subarea whose vertex is nearest to the target node for estimating the

location. Due to the smaller size of the target affiliated subarea than the actual

area of interest, the weighted centroid of the target subarea is more accurate

compared to the original ones. Simulation results confirm that the localization

errors of the Min-Max-APS algorithm are less than one-half of the extended Min-
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Max (E-Min-Max) algorithm and one-seventh of the original Min-Max algorithm.

Reference

The existing challenge on localization are describe as follows.

2.1.2 Existing Issues

By reviewing the existing literature, we recognize that some of the issues still

need to solve to develop an optimized RSSI fingerprint localization technique.

The extracted drawbacks from these articles are listed below:

1. The utilization of a large number of radio devices can mitigate the system’s

capabilities.

2. The weak signal strength from some wireless devices can reduce the desired

performance requirement.

3. The expensive devices can increase the installation cost and maintenance

cost significantly.

4. The pre-assuming measurement parameters cannot always produce a good

precision.

2.2 Tracking method

In the tracking system, the related work are as follows.

2.2.1 Literature Survey

The vehicular network for current positioning heavily depends on GPS enabled

devices [62]. Besides, the angle of arrival (AoA) methods are utilized with delays

and angle measurements [47]. Reference [63] introduces a trilateration positioning

system (TPS) where three anchor devices are used to localize the position of
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unknown devices inside their intersecting coverage zones. In [45], a hunter-prey

scenario has been studied where followed prey transmits the signal, and the hunter

receives the attenuating signal intensity.

2.2.2 Existing Issues

By reviewing the existing literature, we recognize that some of the issues still need

to solve to develop an optimized RSSI based tracking method. The extracted

drawbacks from these articles are listed below:

1. The GPS signal can be blocked by tree canopies and obstacle buildings in

the central urban areas.

2. For GPS-enabled sensors, there are tremendous pricing as well as energy

consumption issues.

3. The AoA methods are time-consuming due to the complexity of the process

and need some additional hardware.

4. In TPS, large number of anchor devices always increase the system com-

plexity, energy consumption, and processing overhead.

2.3 Multi-hop Networks

In the multi-hop network, the related work are as follows.

2.3.1 Literature Survey

Reference [43] considers scenarios where only a limited networking infrastructure

is available, but a large number of internet of things (IoT) devices are deployed

in building a multi-hop ad hoc network to deliver source data to the destination.
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This work shows that the actions that the IoT devices take from its policy are de-

termined as to activate or inactivate its transmission. This solution builds a net-

work with higher network performance than the current state-of-the-art solutions

in terms of system goodput and connectivity ratio. In [78], to overcome informa-

tion leakage and increase transmission reliability, a multi-hop relaying strategy

is deployed against the unmanned aerial vehicle (UAV) surveillance. The aim is

to optimize the throughput by carefully designing the parameters of the multi-

hop network, including the coding rates, transmit power, and required number of

hops. In the secure transmission scenario, the expressions of the connection prob-

ability and secrecy outage probability of an end-to-end path are derived and the

closed-form expressions of the optimal transmit power, transmission and secrecy

rates under a fixed number of hops are obtained. Simulation shows the impact

of network settings on transmission performance. In [44], a quality of experience

(QoE) enhancement routing (QER) protocol is designed based on smart collab-

orative theory. First, crucial parameters which affect data transmission process

are analyzed comprehensively and applications of MWN are introduced. Second,

two stages of QER protocol, i.e. collaborative perception and smart decision, are

designed to collect real-time network information and decide the optimal rout-

ing mechanism, respectively. Third, we integrate three routing mechanisms into

QER and conduct a comparative analysis. Performance validation demonstrates

that our solution is able to intelligently execute the suitable strategy. Reference

[32] concurrently considers simultaneous wireless information and power transfer

(SWIPT) and routing selection in multi-hop energy-constrained wireless network

(MECWN). To reduce energy consumption, first formulate the information and

energy allocation problem of link in a forwarding path, which is dependent on

the next-hop node, and solve it by an iterative allocation algorithm. The perfor-

mance studies demonstrate that the algorithms can effectively exploit those node

resources whose energy are not enough and significantly decrease the energy con-

sumption.
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2.3.2 Existing Issues

The review of the present literature shows that although the methods are effective.

However, there still present some drawbacks which restrict their performance.

1. When multiple source nodes deliver their data simultaneously for the des-

tination, there will create some chaos in optimum path selection.

2. Increasing the throughput by improving network parameters, there will

require expensive hardware and software.

3. If in a network, each node is connected with more than one node, then the

computational complexity and delays increase in data forwarding.

This chapter reviews all those issues to successfully present potential solutions

using various new strategies.



Chapter 3

Distance measurement between a

Rotational Object and a wall

In this work, a distance estimation procedure between a rotational object and

a wall (Fig. 3.1) has been presented. An access point (AP), and two stations

(STAs) have been used in this procedure. An AP is a wireless module that allows

other wireless modules to connect it. An STA is a module that has the capability

to use the network interface by connecting to the AP. The AP [52] is placed on a

blade of a rotating object (Fig. 3.2), and from the center of the rotating object,

the shortest distance of the wall is estimated. To estimate the shortest distance

between the center of the rotating object and wall, at least two STAs [94] are

required. The blades of the object rotate; therefore, the distance of the AP from

STA has the minimum distance and the maximum distance. The distance can

be calculated by any technology such as RSSI, etc. Moreover, the position of the

STA may be in different locations [31] on the wall but not on the same vertical

line. Firstly, we estimate a distance and angle, i.e., the distance between an STA

and the center of the rotating object and the angle between a vertical line passing

through an STA and the line joining the STA and the center of the rotating object.

Using the angle and distance, we will get a cone capturing both sides of the wall.

If we neglect the thickness of the wall and keep the two STAs in different positions

25
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(not on the same vertical line) on the same plane (wall), then two circles of two

cones will intersect each other. The intersection points lie on both sides of the

wall, and half of the distance between the two intersecting points is the original

shortest distance between the wall and the center of a rotating object.

Figure 3.1: Perpendicular distance of the center of a rotating object and a wall.

Figure 3.2: Positions of the AP and STAs.

3.1 System Model

Consider the scenario of a room where a rotating object is rotating above the

horizontal plane and parallel to the horizontal plane. The room is square-shaped

and has complete empty space such that the line of sight (LoS) signal [60] can

propagate in every direction. Here, the signal propagations between two modules

[6], i.e., AP and STA, are considered. From AP, the signal propagates to STAs,
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and the STAs are placed at different locations to receive the signal. Both AP

and STA have an isotropic antenna. Therefore, the omnidirectional signals are

radiated from them. If the AP is in the center of the rotating object, then the

distance between the AP and the STA will remain constant (Fig. 3.3).

Figure 3.3: AP is in the center of the rotating object.

Figure 3.4: AP is in the blade of the rotating object.

In this way, we need the STA to find the perpendicular distance between the

rotating object and the wall. But if we put the AP on a blade of the rotating

object, more than one distance can be measured (Fig. 3.4), and we will achieve

our goal using two STAs only instead of three STAs. The AP is placed on a blade

of the rotating object. For the rotations of the object, the angle between AP and

STA, as well as their intermediate distances, are repeatedly changed. Since the

room is square-shaped, thus the signal propagation on every side is the same. So,

only one side out of four sides can express the changing behavior of the signal
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due to rotation. Therefore, we choose a side where the STA is kept on the wall

at different positions [16].

Figure 3.5: Positions of STA inside the room, in the wall, where FH indicates
the image distance between center of the rotating object and the wall.

Fig. 3.5 shows the scenario where two positions of STAs are considered on the

wall. The AP is at a blade, and the STAs are placed in the respective positions A

and G. The angle of ∠EAC is θ. FH is the image distance between the wall and

AP. Since the rotating blade covers a 360◦ angle during its rotation, where AP’s

minimum distance is AD, and the maximum distance is AB from the STA1. The

distance of FC is d
′
and the distance of FH = HC is d.

3.2 Mathematical Model

Consider a room where an STA is placed on a wall. The angle between the vertical

line passing through STA and the line which passes through STA and the center

of rotating object is θ. Let the position of the STA is A and the position of the

center of the rotating object is C, and the horizontal distance of C from this wall

and perpendicular to the vertical line passing through A is CE, where E is the

position in the wall. Let the radius of the blade be r, i.e., CD = CB = r. The

maximum distance between STA1 and the blade is AB = dmax and the minimum
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distance between the fan blade, and STA1 is AD = dmin, where BD = 2r. We

want to find the θ = ∠EAC (Fig. 3.6).

Figure 3.6: Measurement background.

Consider △ACE where the sum of the internal angle is ∠EAC + ∠ACE +

∠CAE = π. The angle ∠CEA = π
2
. Therefore, ∠EAC + ∠ACE + π

2
= π.

So, we can write that,

∠EAC =
π

2
− ∠ACE (3.1)

Consider △ACD, ∠ACD + ∠CDA + ∠DAC = π, as ∠ACD = ∠ACE, thus,

∠ACE + ∠CDA+ ∠DAC = π, we can write that,

∠ACE = π − ∠CDA− ∠DAC (3.2)

Substituting (3.2) into (3.1) we get ∠EAC = π
2
−∠ACE = π

2
−π+∠CDA+∠DAC

= ∠CDA+∠DAC − π
2
. The AC is the median of △ABD at BD from A. Now,

using the formula of the length of a median when the length of three sides of a

triangle are given, L = AC =

√
2AB

2
+2AD

2−BD
2

2
=

√
2dmax

2+2dmin
2−4r2

2
.

Consider △ACD, using the properties of triangles we can get,

cos(∠DAC) =
DA

2
+AC

2 − CD
2

2×DA× AC
=

dmin
2 + L2 − r2

2dminL
(3.3)

Also,
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cos(∠CDA) =
CD

2
+DA

2 − AC
2

2× CD×DA
=

dmin
2 − L2 + r2

2rdmin

(3.4)

Thus we can get,

∠EAC = cos−1(
dmin

2 − L2 + r2

2rdmin

) + cos−1(
dmin

2 + L2 − r2

2dminL
)− π

2
(3.5)

The angle estimation procedure has been described in the following.

For getting almost exact dmax, dmin we have to take a lot of dis. If the degree of

angle of rotation between two consecutive reading is relatively prime to 360, then

it will be possible to get dis of 1
◦ interval.

Algorithm 3.1 Angle Estimation

1: procedure Estimation of angle of the center of ceiling fan with
the STA

2: Input: di ←− distance of AP from the STA, i = 1, 2, . . . , n;

3: r ←− radius of the rotating object;

4: Output: θ estimated angle of the center of ceiling fan with the STA;

5: Find the maximum and minimum value among d1, d2, . . . , dn;

6: Define dmax = max{d1, d2, . . . , dn}, and dmin = min{d1, d2, . . . , dn};

7: L =

√
2dmax

2+2dmin
2−4r2

2
;

8: θ = cos−1(dmin
2−L2+r2

2rdmin
) + cos−1(dmin

2+L2−r2

2dminL
)− π

2
;

9: end procedure

Let the room be XY Z space. We consider the AP is rotating ∥ to XY plane.

Using the distance between the center of rotating object and STA, and the angle,

we can find a circle (Fig. 3.7).

This circle is the probable position of the AP with respect to the STA. The circle

lies on the plane containing AP ∥ to XY plane. The center of the circle lies at

the intersection of plane passing through AP and ∥ to XY plane and the line

passing through STA ∥ to the Z axis. The radius of the circle is the shortest
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Figure 3.7: One STA scenario.

on the distance of the center of the rotating object containing AP from the line

passing through STA and ∥ to the Z axis. If there are two STAs, then there will

be two circles (provided the STAs don’t lie on the same Z axis) (Fig. 3.8).

Figure 3.8: Two STAs scenario.

Two intersection points of two circles will be the probable two points of the AP.

One is real, and another is a mirror image with respect to the wall. But we

want the distance of AP from the wall. Then we calculate the midpoint of the

intersection point. Then we have to find the distance of any intersection point

from the midpoint, i.e., half the length of distance between two intersection points

(Fig. 3.9).

The distance estimation procedure has been describe in the following.
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Algorithm 3.2 Distance Estimation

1: procedure Estimation of the perpendicular distance between
the center of the rotating object and a wall

2: /* Let two STAs STAi for i = 1, 2 on the same wall and in different Z
ordinate */;

3: Input: Li ←− distance between center of rotating object containing AP
and STAi, i = 1, 2;

4: θi ←− angle between the line passing through STAi, parallel to Z axis
and the line joining the centre of rotating object containing AP and the STAi

on wall, i = 1, 2;

5: (xi, yi, zi) ←− coordinate of the STAi on wall, i = 1, 2;

6: Output: d ←− estimated distance;

7: /* Consider two cones Si, i = 1, 2 with vertex (xi, yi, zi), axis ∥ to Z axis
*/;

8: Find the equation of circles (Ci) which are the base of cone Si, angle of
inclination θi, slant height Li for i = 1, 2;

9: Compute intersecting points (P1, P2) for the pair of circle C1, C2;

10: Compute d = d
′

2
;

11: /* d
′ ←− is the distance between P1 and P2 and d is the distance between

AP and the wall */;

12: end procedure
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Figure 3.9: Intersection of two circles.

3.3 Conclusions

In this chapter, the distance estimation scheme has been investigated using a

rotational object in an indoor environment. The distance between the wall and

the center of rotating object is measured. An AP and two STAs have been used.

AP is placed on a blade. Two STAs are placed arbitrarily on a wall but not

on same vertical line. The distance between the wall and the center of rotating

object is measured with the intersection points of the circular surface of the

two cones. Nowadays, with wireless communications scenarios, indoor collision

avoidance applications between walls and flying drones can be initiated with this

angle localization framework.
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Chapter 4

RSSI based Distance Estimation

in Different Environments

In this chapter, to estimate the distances between the wireless transmitter and

receiver devices using the RSSI values, the curve fitting technique (CFT)-based

approach [58] has been used. In this strategy, an access point (AP) transmits

the RSSIs, and a station (STA) receives them. Due to the environmental cata-

lyst factors (CFs) [75], the transmitted RSSIs become scattered, which produces

uncertainty and may not produce a better outcome. Here, the mean RSSI-based

approach is chosen, and with the standard deviations (SDs) [83], it is seen how

much data are spread out among the mean ones. After a suitable path loss model

(PLM) is chosen to estimate the distance using mean RSSIs. To make the PLM

more accurate, the model is fitted to the consecutive actual distances and their

corresponding mean RSSIs with the least-square technique to mitigate the errors

significantly. Moreover, the estimated errors are calculated to the respective dis-

tances. Experiments have been conducted in three different regions, i.e., indoor,

outdoor, and corridor with two Node MCU (ESP8266) modules [99], one as AP

and another as STA.

35
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4.1 System Model

Consider a distance finding scenario between two wireless devices using the RSSI

values. Their distance is inversely proportional to RSSI, which monotonically de-

creases when the distance is increased. The signal strength represents the current

state of the signal in excellent to poor conditions. However, the RSSI values of

the AP to the STA are repeatedly changed at any distance due to the presence

of environmental CFs. Since in different environments, the CFs are different.

Therefore, RSSI readings will vary for individual atmospheres. Even the CFs are

changed with the dynamic environments from time to time. So the short-time

RSSI readings may not always produce better accuracies. In these circumstances,

the statistical methods can play a significant role by providing a hypothetical

conclusion, which not only reduces the methodology but also increases credibil-

ity. Therefore, to develop a distance estimation system using RSSI values, it is

required to pick up reliable RSSI for a particular distance to get higher accu-

racy. Besides, in long distances, the CFs’ influences on RSSIs are very strong.

In most common wireless devices, isotropic antennas are used, which are built

with omnidirectional signal radiation capabilities. For the omnidirectional sig-

nal propagation, the same amount of RSSIs can be observed in every direction,

which monotonically decreases with an increasing circular perimeter around the

AP. Therefore, the measurement RSSIs from the AP to any direction through a

straight line represents the same signal condition in every straight direction. In

this work, we focus on measuring the short-range-based Wi-Fi module’s sensing

capability, where the mean and SD-based approach has been taken into consid-

eration. The distance estimation strategy using AP and STA can be seen in

Fig. 4.1.

0 1m 2m 10m9m.....

STAAP

Node MCU (ESP8266)

Figure 4.1: Distance estimation strategy in a straight line between AP and STA.
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The mean RSSI value at any distance represents the average condition of a set of

RSSI values, where the SD shows the RSSIs deviation of the set about the mean

one. A high SD means the RSSIs values are very scattered around the mean. On

the other hand, a small SD shows that RSSIs are very close to the mean. The

formula for calculating the SD can be expressed by

s =

√√√√ 1

N − 1

N∑
i=1

(Ri
e −Re)2 (4.1)

where Ri
e is the ith RSSI value, R̄e is the mean RSSI value and N is the number

of samples. Using this strategy, the RSSI trend to a distance for a certain time

can easily be identified. With this RSSI trend, to get a more accurate distance,

in this work, a proposed attenuation model (PESM) is generated, whereas, in the

path loss model (PLM), the CFT is used to mitigate the errors in the extreme

level such that its suitable parameters can be generated. Moreover, to verify

the capability of this model, it is compared with the other models for existing

parameters. Commonly this proposed model is used in the literature with the pre-

selected parameters. However, in this work, the parameters are generated by the

CFT. Due to the use of CFT, this model reaches higher accuracy by generating

more appropriate parameters. The PESM can be written as

dPESM = d0×10
(R0−Ri

e)

10γ (4.2)

where R0 is the initial RSSI value, Ri
e is ith the measured RSSI value, d0 is the

initial distance, and γ is the path loss exponent (PLE). First, we plot the actual

model (ACTM) with the actual data. Then we compared it with the PESM;

existing signal intensity attenuation model (SIAM), and free space propagation

model (FSPM) [79] in different environments to find the best model. In the

SIAM, the same PLM is used, but the pre-existing parameters are taken into

consideration. Thus this may not sufficiently meet the CFT criteria. The FSPM

with a large number of parameters can be expressed by
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dFSPM =

√
PtGtGrλ2

(4π)2Pr

(4.3)

where Pt and Pr are the transmitted and received powers, respectively, Gt and

Gr are the transmitter and receiver antenna gains, λ is the signal wavelength.

For isotropic signal propagation, Gt, Gr can be considered as 1, and the received

power is measured by the equation Pr = 10
Ri
e

10 . In an estimated model, the

accuracy is a significant component of expressing its robustness. In this regard,

the percentage can forecast this result more acceptably by increasing the chance

of the comparison. To measure the error percentages in the estimated distance,

the formula can be defined as

Error(%) =
(dactual − destimated)

dactual
× 100 (4.4)

where dactual is the actual distance and destimated is the estimated distance.

4.2 Measurement Background

To collect data in different environments, the same setup is used where we draw

the mark at the respective positions from 0 m to 10 m in a straight can be seen

in Fig. 4.1. The AP is always kept at the initial position of 0 m, and the distance

of STA is increased one by one from 1 m to 10 m. Moreover, to these distances,

the RSSIs are received by STA. It is observed that when the distance between

AP and STA is close to each other, the received RSSIs are strong, and when

the distances are monotonically increased, the RSSIs are decreased. Here, the

distance is estimated using the mean RSSI value. To estimate the distance using

a model, we calculate sample SD (4.1), mean RSSI, and received power (Pr) for

the successive actual distances in the outdoor, corridor, and indoor, respectively

can be seen in TABLE 4.1, TABLE 4.2 and TABLE 4.3. In this work, we consider

the mean RSSI and their SD based approach to see their combined outcomes.

To each distance, a total of 300 RSSI values are taken. It can be seen from these
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Table 4.1: Calculated outcomes in outdoor

Actual Sample Mean Received

distance SD (average) power (mW)

(dact (m)) (s (dB)) (R̄e (dBm)) (Pr)

1 1.7201 -71.2724 0.0000000746036

2 1.4928 -73.5946 0.0000000437058

3 2.3209 -74.4352 0.0000000360147

4 2.5681 -81.1328 0.0000000077040

5 1.9553 -80.9966 0.0000000079495

6 1.7268 -81.0897 0.0000000077809

7 1.8667 -87.1096 0.0000000019455

8 2.1177 -81.8637 0.0000000065107

9 2.0998 -84.6677 0.0000000034137

10 1.5578 -88.0564 0.0000000015644

tables that the SDs are high to some distance of more than 2 dB, which indicates

that RSSI data are highly scattered, but this is inconsistent, i.e., they do not

follow a particular pattern according to monotonic distances. This may happen

due to the presence of high levels of CFs in the environment at a particular time.

In the same way, we can see that the mean RSSIs do not also appear in any

order for the respective distances. Moreover, in these tables, the received power

is generated by the mean RSSI values. The received power is calculated to use

in the FSPM.
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Table 4.2: Calculated outcomes in corridor

Actual Sample Mean Received

distance SD (average) power (mW)

(dact (m)) (s (dB)) (R̄e (dBm)) (Pr)

1 2.3658 -68.1262 0.0000001539501

2 2.6989 -73.5049 0.0000000446179

3 3.9401 -81.8637 0.0000000065107

4 2.7636 -79.3588 0.0000000115909

5 2.5540 -83.1528 0.0000000048386

6 2.2814 -83.5747 0.0000000043906

7 1.9820 -84.7209 0.0000000033721

8 1.8456 -86.1295 0.0000000024380

9 1.8790 -86.5813 0.0000000021972

10 1.9507 -86.1860 0.0000000024065

4.3 Performance Evaluation

These experiments have been conducted inside the Jadavpur University on the

rooftop of a two-storied building for the outdoor, a one-side open roof porch on

the first floor of the same building for the corridor, and an all-side closed hall on

the first floor of this building for indoor by placing the Node MCU (ESP8266),

i.e., AP and STA on the floor. These measurements are done only considering

the line of sight (LoS) static scenarios where human movement through these

signals between AP and STA has not been considered. AP was connected to a

power bank, and the station was connected to a laptop for storing the received

RSSI values in computer files. The NodeMCU (ESP8266) operates on 2.4 GHz

frequency bands of IEEE 802.11b/g/n standard. During these three experiments,
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Table 4.3: Calculated outcomes in indoor

Actual Sample Mean Received

distance SD (average) power (mW)

(dact (m)) (s (dB)) (R̄e (dBm)) (Pr)

1 1.2043 -65.0531 0.0000003123848

2 2.7445 -80.1196 0.0000000097283

3 2.1855 -79.0598 0.0000000124170

4 2.2481 -81.7076 0.0000000067490

5 2.2035 -81.7973 0.0000000066110

6 1.7243 -82.5647 0.0000000055402

7 1.4646 -80.6112 0.0000000086872

8 2.0835 -86.2491 0.0000000023718

9 1.5592 -80.0465 0.0000000098935

10 1.6881 -88.1528 0.0000000015301

various electronic and Wi-Fi devices were activated in the surrounding buildings

but using the service set identifier (SSID) of AP, the STA receives only particular

RSSIs.

4.3.1 Results and Discussion

To evaluate the performance of the PESM, it is compared with the SIAM and

FSPM. The comparative results of PESM, SIAM and FSPM can be seen in TA-

BLE 4.4, TABLE 4.5, TABLE 4.6 for outdoor, corridor and indoor, respectively,

where (dact) is the actual distance and (dPESM), (dSIAM) and (dFSPM) are the

estimated distances by PESM, SIAM, FSPM, respectively. Moreover, their er-

rors and error percentages are respectively, (ePESM = dact − dPESM), (eSIAM =
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Table 4.4: Comparison table of outdoor
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Table 4.5: Comparison table of corridor
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Table 4.6: Comparison table of indoor
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Table 4.7: Comparison of total and average errors (%)

Measured Total Total Total Average Average Average

in error error error error error error

respectively PESM SIAM FSPM PESM SIAM FSPM

Outdoor 293.12% 585.57% 373.11% 29.31% 58.55% 37.31%

Corridor 184.88% 433.19% 463.29% 18.18% 43.31% 46.32%

Indoor 297.02% 439.59% 522.38% 29.70% 43.95% 52.23%

dact − dSIAM), and (dFSPM = dact − dFSPM) and (ePESM% = ePESM

dact
× 100),

(eSIAM% = eSIAM

dact
× 100), (eFSPM% = eFSPM

dact
× 100) for the R̄e. From these

results, it is observed that a high percentage of error occurs for PESM in the

outdoor, corridor, and indoor, respectively 48.7025%, 52.275%, and 64.6566%.

On the other hand, for SIAM and FSPM, these errors are respectively 77.0012%,

71.719%, 73.6611%, and 104.79%, 131.405%, 183.56%. These results show that

the error percentages of PESM are comparatively less in different environments,

but the errors of the other two models are relatively high. However, for some

distances, PESM errors are very high for both environments. To generate the

PESM, a pre-tested indoor datum is used, and with the CFT, its parameters are

created. The created parameters are R0=-69.324 dBm, d0=1 m and γ = 0.6852.

Then with these parameters, the estimated model is compared with the actual

measured outdoor, corridor, and indoor datum. The initial mean RSSIs are the

following, R̄0=-71.2724 for outdoor; R̄0=-68.1262 for corridor; R̄0=-65.0531 for

indoor for the distance d0=1 m, where for the SIAM, the γ = 4 is chosen. More-

over, for FSPM, Pt = V I (power = volt × current), Pt is taken 0.00316227766

mW, Pr is taken from TABLE 4.1−4.3, where Gt = Gr = 1, as the antenna is

isotropic and the wavelength is λ = 0.125 m as channel frequency is 2.4 GHz.

After the calculation of error percentages, with them, at first, total error percent-

ages are calculated for the respective distances, then its average is calculated for

different models in the outdoor, corridor, and indoor, respectively, which can be

seen in TABLE 4.7. It can be seen that the highest average error percentage of
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Table 4.8: Comparison for different environments

Actual Out Out Out Cor Cor Cor Ind Ind Ind

distance
(m)

Max
(dBm)

Min
(dBm)

Dif
(dB)

Max
(dBm)

Min
(dBm)

Dif
(dB)

Max
(dBm)

Min
(dBm)

Dif
(dB)

1 -67 -75 8 -63 -77 14 -61 -68 7

2 -70 -80 10 -66 -85 19 -73 -87 14

3 -70 -86 16 -72 -89 17 -73 -87 14

4 -75 -88 13 -72 -89 17 -75 -90 15

5 -76 -90 14 -77 -90 13 -77 -89 12

6 -77 -88 11 -78 -89 11 -74 -88 14

7 -82 -93 11 -78 -89 11 -76 -85 9

8 -77 -91 14 -79 -92 13 -80 -91 11

9 -80 -90 10 -81 -92 11 -77 -88 11

10 -82 -92 10 -81 -91 10 -83 -93 10

PESM is 29.70%, and its least one is 18.18%. On the other hand, the highest

and lowest percentages of average errors of SIAM and FSPM are 58.55%, 52.23%,

and 43.31%, 37.31%, respectively. The comparison shows that the PESM achieves

average error percentages under the SIAM and FSPM at both times. Even the

highest average error percentage of PESM is less than the least ones of SIAM and

FSPM. With these outcomes, one can say the PESM is much better than others

for any application scenario.

Combining these three environmental errors, the average of average error percent-

age (i.e., an average of outdoor(O), corridor(C), and indoor(I) together) has been

calculated. For PESM the total of average error percentage is (dO + dC + dI)

= 77.20321% and average of average error percentage is (dO + dC + dI)/3 =

25.7344%; for SIAM the total of average error percentage is (dO + dC + dI) =

145.83578% and average of average error percentage is (dO + dC + dI)/3 = 48.61%
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Figure 4.2: Comparison among PESM, SIAM and FSPM for outdoor.

; for FSPM the total of average error percentage is (dO + dC + dI) = 135.87937%

and average of average error percentage is (dO + dC + dI)/3 = 45.2931%. From

these outcomes, it is observed that, again, the average of average error percent-

age of the PESM is very low compared to other models. On the other hand,

SIAM has a higher average of average error percentage than FSPM. The above

results show that the PESM outperforms the SIAM and FSPM when CFT-based

parameters are used for this model.

From these figures (drawn from TABLE 4.4-4.6), Fig. 4.2, Fig. 4.3 and Fig. 4.4, it

can be said that ACTM is more likely to PESM than SIAM and FSPM. Besides,

from these three figures, it is observed that every time the FSPM graph goes above

the PESM. On the other hand, the SIAM graph goes below the PESM. Therefore

errors are huge for them. As well as, the parametric process of PESM is so simple

and can be easily adapted for any type of data. Since the RSSI and distance are

highly dependent, therefore, PESM is the more suitable option to represent these

data. In contrast, the parametric process of SIAM and FSPM is not proper with

the data. Even these models are highly affected by their parametric constraints.

Also, we have calculated the maximum (Max) and minimum (Min) of 300 RSSIs,

and their difference (Dif) for each distance for outdoor (Out), corridor (Cor), and
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Figure 4.3: Comparison among PESM, SIAM and FSPM for corridor.

indoor (Ind) can be seen in TABLE 4.8. The maximum difference is seen at 19

at 2 m in the corridor, which means that strong RSSIs sometimes can be affected

larger by the environment.
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Figure 4.4: Comparison among PESM, SIAM and FSPM for indoor.

4.4 Conclusions

The Node MCU (ESP8266) is a low-cost module and is easily available in the

online market. This device is not only used in various wireless network applica-

tions but also has several uses in the internet of things (IoT) communications.

Since the current wireless architecture is moving toward IoT-based solutions, thus

MCU (ESP8266) has the possibility to meet the current requirement to provide

better performance with a low budget. Therefore, to estimate the distance us-

ing RSSI values, this module is taken into consideration. Moreover, with this

module, a proper distance measurement procedure has been developed. First,

RSSIs are measured to the respective distances through a straight line. Then a

proper PLM is chosen, and in this model, CFT is used to find a higher accuracy.

It is observed that the PESM provides better accuracy than some other models

of pre-selected parameters. Even when the measurements are largely affected

by the environment, the proposed model is highly efficient considering different

points of view. The comparison also shows that the CFT is more reliable than

the model of selected parameters. The RSSI-based distance estimation has an

essential requirement for smart infrastructure to determine the stability of the
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communication.



Chapter 5

RSSI-Fingerprinting-based

Smartphone Localization System

for Indoor Environments

In this chapter, an RSSI-fingerprinting-based positioning scheme has been inves-

tigated, considering indoor environmental changes. The positioning skill has been

studied utilizing at most three APs’ distances, whereas using three APs’ RSSI

conditions, the indoor positions of a smartphone are localized. To choose a proper

RSSI value for accurate positioning, some special RSSI values-based approaches,

i.e., mode and mean, are taken into account to find the better one to achieve

the most outstanding accuracies. In each experimental room, the smartphone

collects the RSSIs from multiple APs together using a Wi-Fi analyzer applica-

tion (APP) [30] at different points to locate its position. The random position is

localized inside based on 3 noisy RSSI values from 3 APs. It is considered that

the environment does not changed for a fixed time frame. A training technique

is provided to get distance from RSSI values. This technique considers the fixed

environmental parameters. For training, m× n reference points are used. After,

for each distance, an average is calculated with the K-nearest-neighbor (KNN)

51
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of the special RSSI value. Then a suitable signal intensity attenuation model

(SIAM) is chosen to establish the relationship between RSSIs and distances. For

establishing this relationship, the nonlinear regression analysis technique (RAT)

[35] is used.

5.1 Overview

In modern communication technologies, wireless fidelity (Wi-Fi) has achieved

dramatic interest due to extensive adoption and widespread deployment. The

Wi-Fi positioning techniques with the RSSI have grown mainstream, including

the benefits of economical cost, extensive coverage, and does not need any addi-

tional hardware, which has vast regular applications in sensing, monitoring, and

communications [91]. However, researchers face several challenges in developing a

real-time kinematic RSSI measurement system due to the changing surrounding

environments from time to time [10]. It is seen from the current literature that

most of the positioning approaches suffer from the lack of proper selection of RSSI

values, which cannot reduce the errors significantly. In some cases, it creates a

huge impact on the desired performance. Because in the signal propagation, with

the ranges of technologies, the selection of RSSI (e.g., mode or mean, etc.) is

the principal reason for various kinds of positioning errors [64]. The motivation

behind accepting the mode and mean RSSIs are as follows: (a) The mode RSSI

value [89] regularly appears in a particular position even when the environmental

noises affect the measurements. Therefore considering traditional environmental

conditions, its position determination capability is quite reliable and straightfor-

ward. (b) The occurrence of mean RSSI depends on the whole sample observed

during the measurements. Thus, its reliability is a bit unstable because if a high

fluctuation is seen in the RSSI data to some positions, it may make the worst

decisions. (c) The largest RSSI to any position shows the highest achievement of

signal strength. Since the most common RSSIs are weaker than the largest one,

it appears very rarely in this position. Thus it should be less considerable for

precision achievement. (d) Similarly, since the most common RSSIs are stronger

than the smallest one, it also less significant. (e) The median RSSI is the mod-



Localization and surveillance 53

erate value in a list ordered from smallest to largest. It can often be changed to

every position depending on the volatile environments that can highly influence

the accuracies. Further, the ranges of wireless devices (with the same technology)

are different such as multiple Wi-Fi routers with diverse configurations have dif-

ferent communication ranges. Hence, numerous data characters prediction with

various types of devices is typically very hard, which can not explain current

issues adequately. In radio wave technologies, the RSSI is considered a domi-

nant ranging method because it determines sensors’ locations without employing

special hardware, which reduces cost as well as energy consumption. However,

due to omnidirectional signal radiation, position localization using a single Wi-Fi

AP will be very difficult. Also, it may not produce desired results regarding the

signals’ uncertainties [28]. The same configured APs have been used for exper-

imental reviews, where different reference points are drawn by imagining a grid

on the floor in experiment rooms. The position of each reference point is inside

every cell of the grid. Two indoor atmospheres have been considered for judging

the interpretation with different scenarios but the same dimensions. One is an

auditorium hall, and another is a computer lab. The first one is full of wooden

sofas, and the second one is full of wooden furniture as well as electronic devices.

These two scenarios are considered to observe the change of RSSIs in varied sit-

uations. Moreover, in each part, at most, three nearest APs’ RSSIs are used.

For this, to the monotonically increasing reference points distances from different

APs’, proper special RSSIs are selected. Due to the high dependency between

RSSIs and their distances, their correlation cannot express by a linear shape.

Thus the nonlinear model is a compelling option as it presents more flexibility

than a wide variety of linear models because it is based on a least-square iter-

ative procedure [50]. That modifies its measuring parameters significantly and

re-evaluates them until it obtains the best fit. This procedure is so satisfying

because it can describe data characteristics within a moment. The KNN strat-

egy [17], and RAT make the SIAM more skillful in producing higher precisions

for distance measurements. Lastly, the smartphone’s positions are estimated at

different random points (RPs) using three APs positions and distances. In this

technique, simultaneously, three APs RSSIs are projected together through differ-
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ent rows or columns of RPs. Moreover, their RSSIs at different RPs are different.

Therefore, considering the RSSI states concurrently utilizing different APs’ dis-

tances, the RP positions can smoothly be measured where Euclidian geometry

[37] may be required. For performance analysis, experiments and simulations

have been conducted with various classes of data considering different scenarios.

The comparative results exhibit that with the mode RSSI values, the proposed

algorithm produces the errors under the mean RSSIs as well as existing algo-

rithms present in the literature for both experimental rooms, which confirms the

proposed algorithm is more accurate, simple, effective, reliable, and robust than

other approaches.

5.2 System Overview

5.2.1 Categories Of Fingerprints

Among all range-free localization methods, the most popular one is RSSI finger-

printing because of its high accuracy compared to others. This technique does

not need line of sight (LoS) measurements, thus achieving high applicability in

complex environments. It is also familiar as the pattern matching-based system.

Which can be categorized into two kinds, including offline and online fingerprints

[13]. In the offline type, a large number of RSSI values from available APs are

collected for certain times to different positions inside their coverage zones. In

particular, a grid spacing area of one meter is more suitable. However, this empir-

ical grid may vary according to many situations. Obviously, more parameters by

pre-signal observation provide unique fingerprinting to present better localization

accuracies. Moreover, there are no predefined constraints on time durations to

provide optimized RSSI fingerprint outcomes. Consequently, the identity (ID) of

an AP and its corresponding RSSI values are recorded as columns in a database.

Different rows of the database contain the RSSIs of different APs for the RPs.

This database basically reflects the special distribution of RSSIs to a point con-

sidering different APs’ distances. On the other hand, in the online type, a device
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of unknown position reports its measurement by the RSSI samples for beacon

APs, which is analyzed by the data investigating server. After, the server runs

the existing fingerprint algorithm to compute the location associated with the

reported RSSI measurement. Finally, the estimated location sends back to the

particular device.

5.2.2 Fingerprinting Mechanism

Consider a room of dimensions l×w× h, where l stands for length, w stands for

width, and h stands for height. It assumes that the floor area l×w is discretized

into a set of known positions, where θi = [xi, yi], i = 1, 2, . . . , z represents the

2-dimensional (2-D) Cartesian coordinate of these positions with parameter i. In

every position, there has a wireless transmitter device that preserves its unique

ID. Within the l × w region, m × n (m rows and n columns) reference points

are drawn inside the grid cells with equal intervals. To these reference points s

with coordinate ϕj = [xj, yj], j = 1, 2, . . . , g, the RSSI values are collected from

each position ϕi together. Consequently, RSSIs are scanned for a certain period

of time to record many temporal samples to tolerate some degree of noise. For

the unique ID, k temporal samples are collected in each reference point. Then

suitable APs are chosen on the basis of the strongest RSSIs for reference points

locations estimation.

5.2.3 Sample Classification Procedure

The APs are kept in the known positions θi = [xi, yi], i = 1, 2, . . . , z which

radiate the omnidirectional signals. For smartphone (S) localization, their RSSIs

are collected in different reference points, and then the data is forwarded to the

server for the following actions. Where the original positions are calculated by

Euclidian geometry. In each reference point ϕj = [xj, yj], j = 1, 2, . . . , g; s RSSI

samples are collected from every AP.

From APi, get RSSIi = {rssi1, rssi2, . . . , rssis},
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• rssim ←Mode(RSSIi),

• RSSIui = {rssip|rssip > rssim},

• RSSI li = {rssiq|rssiq < rssim},

• These are two classes RSSIui & RSSI li and a value rssim,

• Using k-nearest neighbourhood (KNN) classify rssim either in RSSIui or in

RSSI li ,

• Resultant rssi = average of the set in which rssim is in.

5.2.4 Algorithmic Description

The RSSI-based fingerprint positioning algorithm is one kind of evolutionary com-

putation complement to traditional laborious and expensive techniques, which

can be operated by installing some simple wireless devices easily available in the

markets. The proposed system can freely be adapted for any type of infrastruc-

ture to tackle the requirements of various positioning applications [54]. However,

due to environmental uncertainties regarding the presence of dynamic catalyst

factors (CFs), it is hard to achieve higher precision in position estimation [55]

considering various constraints. Therefore, to mitigate the fingerprint positioning

error significantly, an improved algorithm is required to overcome such CFs’ im-

pacts on wireless signals. So in this paper, a new technique has been presented.

Our positioning scheme is drawn in algorithm 5.1.

Each reference point belongs inside the intersecting coverage of multiple APs,

where the grid is considered to partition the sensing area into multiple segments.

Every segment is thought of as a grid cell, and every reference point belongs to

a cell. Besides for having an isotropic antenna, AP radiates the omnidirectional

signal.
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Algorithm 5.1 Proposed Positioning Scheme
Require: Measured RSSI value RSSIm;

Ensure: Estimated location Pj ;

1: Initialize the indoor atmosphere;

2: Plant APs in known positions;

3: Plot reference points inside the cells of the grid for RSSI fingerprint positioning;

4: Create a database using APs’ IDs and RSSIs for respective reference points;

5: Organize the RSSIs dataset for each AP to the reference points with monotonically increas-
ing distances;

6: for θi : i = 1 to z do

7: for θj : j = 1 to g do

8: Create a special RSSI value (e.g., mode or mean) by them;

9: Determine the KNN values of the special RSSI;

10: Calculate an average with the KNN RSSIs;

11: Ignore accepting the same and similar average KNN RSSIs from any of these two
APs;

12: Collect the monotonically decreasing average KNN RSSIs corresponding to the grad-
ually increasing RP distances;

13: end for
14: end for

15: Define a proper SIAM to estimate the distances between APs and RPs using average KNN
RSSIs;

16: Use RAT to SIAM such that error can be mitigated significantly;

17: Estimate distances with SIAM for the corresponding average KNN RSSIs;

18: Estimate the location of each RP (Pj) considering the distances from the APs;
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5.2.4.1 Time Complexity

For this algorithm, statements one to five and fifteen-eighteen each run once.

Moreover, inside the loops, statements eight to twelve each run g number of

times. Therefore time complexity of this algorithm can be written as

T (n) = O(9 + z(6g)) (5.1)

where z is the array length of the first loop and n = zg is any variable.

5.2.5 Existing Attenuation Models

To estimate the distance between transmitter and receiver using RSSI, transmis-

sion loss is a major factor due to several environmental issues affecting proximity

and channel conditions. For the special resolution of the measuring rule of such

an uncertain signal, the monotonic relation between RSSI and distances should

be established by a suitable attenuation model. Many research works are present

in the literature to determine the relationship between RSSIs and distances by

defining various formulas. However, due to different parametric constraints, all

these models cannot provide reasonable proximity considering ever-changing dy-

namic environments. Along with the properties of some attenuation models, their

pros and cons have been discussed in the following.

5.2.5.1 Path loss model (PLM):

Among all attenuation models, the PLM [12] is most commonly utilized in the

literature using a different shape. However, the general form of the PLM can be

described by,

d = d0 × 10
(RSSI0−RSSIm)

10γ (5.2)

where RSSI0 and RSSIm are the received RSSI values to the positions which
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have the distances d0 and d from the transmitter, respectively, and γ is the

PLE. The d0, RSSI0, and γ are known in advance through modeling. Thus,

the unknown distance d is calculated by the measured RSSIm. Although in

the free space, γ is recognized as 2, with the modeling, less PLE than 2 can be

achieved. The PLE depends on environmental CFs. If the CFs increase naturally,

the PLE increases, and if the CFs decrease, the PLE decreases. Therefore, any

little variation in PLE can change the measured error significantly. Besides,

representing the fluctuating character of RSSI data with pre-selected parameters

may lead to huge errors. However, those challenges can be overcome by utilizing

the RAT-based procedure. Since the RSSIs and distances are highly dependent

on each other and form a nonlinear shape. So, RAT based least square technique

with PLM can easily express their relationship at a glance using a curve-fitting

tool because it generates a nonlinear exponential paradigm.

5.2.5.2 Free-space propagation model (FPM):

This attenuation model is commonly known as the Friis transmission equation [9].

Further, this formula also can be expressed in a different shape, but its general

form is presented by

d =

√
PtGtGrλ2

(4π)2Pr

(5.3)

where Pt and Pr are the transmitting and receiving powers, respectively, Gt and

Gr are the transmitter and receiver antenna gains, λ is the signal wavelength

with the channel frequency f . For isotropic signal propagation, Gt = Gr can be

considered 1, and the received power is measured by the equation Pr = 10
RSSIm

10 .

With these parameters, the distance d between two devices is calculated by the

measured RSSIm. One can observe that the formula contains a large number

of parameters, which are bounded by several constraints. Because of different

kinds of constraints in different parameters, this formula is extremely affected

to provide higher precision, which may not be sufficient to express any suitable
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nonlinear expression even when RAT is used.

5.2.5.3 Polynomial regression model (PRM):

When a simple linear regression model fails to express the relationship between

independent and dependent data or is not capable of drawing the best fit model.

In such conditions, the PRM [48] can be used to overcome this problem by es-

tablishing a curvilinear relationship. The PRM can be represented by

d = an ×RSSInm + an−1 ×RSSIn−1
m + . . .+ a1 ×RSSIm + a0 (5.4)

where ai (i = 0, 1, 2, . . . , n) are the coefficients, RSSIm is the measured RSSI

variable, and n is the exponent. Although PRM support for generating a proper

nonlinear shape to express the correlation between different variables, its restric-

tion in coefficients does not allow it to represent all kinds of data efficiently.

Therefore, RAT-based PRM may not provide the desired results in every situa-

tion considering the monotonic shapes of variables.

Among these three models, it is seen that the PLM is highly efficient because the

model is nonlinear and monotonically changes with an exponential progression.

Thus, in this work, PLM has been used as SIAM to obtain better precision.

5.2.6 Data Filtering Methods

In any localization system, various techniques are used to generate proper data

so that estimated errors can be reduced significantly. Among all existing data

selection techniques, the most commonly applied strategies are KNN, KF, and

random forest (RF). However, in real-life applications, every technique has sig-

nificant drawbacks. In the following, the principle of these methods and their

weaknesses have been discussed.

The KNN method [92] is based on the selection of special outcomes. At first,

a special value (e.g., mean or mode) is selected from a large field of measured
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samples. Then some nearest values are chosen of this selected value, and the

result produces by combining them. Consequently, this method entirely depends

on the choice of the special sample and the nearest ones. The wrong choice of

sample significantly influences the determined positions. Therefore data need to

choose as close as possible.

The KF method [19] is used to decide state vectors based on linear dynamical

approaches in a state-space layout. The method defines the progress of the present

state, considering the situations of the earlier state. Together, the earlier state

and control vector are included in the process noise vector then the present state

is determined. After that, the measurement vector is calculated for evaluation.

Therefore, the method is more time-consuming, as well as the non-linear data

representation with this method, may lead to lower precision.

RF method [61] is used widely in classification and regression problems. It builds

decision trees on different samples, and their majority votes are taken for classi-

fication, and the average is taken in case of regression. This method is based on

ensemble learning, which creates a distinct subset from samples of data with re-

placement, and their final output is based on the majority. The main constraint

of RF is that many decision trees can make the method too complicated and

ineffective for real-time forecasting.

The above discussion suggests that RSSI-based position estimation with the KNN

method is more efficient in delivering the most remarkable reliability than other

traditional methods in ranging-based localization processes. So in this work, to

effectively deal with current phenomena, a simple and robust KNN-based po-

sitioning approach has been investigated. Such that a higher precision can be

achieved.

5.2.7 Environmental Impact

In wireless communications, the RSSI indicates the real-time channel intensity of

the transmitting signal to the receiver device. The RSSI condition is inversely pro-

portional to the distance, i.e., if the transmitter and the receiver devices are close
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to each other indicates a strong RSSI, and the RSSI is monotonically decreased

when their distance is gradually increased. Therefore, according to the RSSI

intensity, the signal can be divided into different categories, such as excellent,

good, fair, and poor. It is not only influenced by the distance but also affected

by current environmental CFs. The CFs are changed when the environment is

changed. Consequently, the RSSI also varied. Various CFs usually influence the

RSSI-based information in the indoor environment, particularly noises, shadows,

multipath, fading, human body, weather, temperature, metal components, elec-

tric devices, various radio signals, etc. They not only individually impact the

wireless measurement but also may generate different types of combinations to-

gether. For instance, at a certain time, if we think that three CFs are present in

the current environment, influencing the RSSI measurements, which are human

body (H), reflection (R), and temperature (T ). If we consider the signal as a

particle, then the vector effects of H⃗, R⃗, and T⃗ on it are not only individuals but

also the different combinations of their products, which is defined by the RSSI

states. Thus the resultant impact will be the summation of various combinations

of magnitudes of these three factors that can be expressed as

cf3 = f(|H⃗|, |R⃗|, |T⃗ |) = |H⃗|+|R⃗|+|T⃗ |+(|H⃗|·|R⃗|) + (|H⃗|·|T⃗ |)

+(|R⃗|·|T⃗ |) + (|H⃗|·|R⃗|·|T⃗ |)
(5.5)

Every environmental CF can decrease or increase according to the current cir-

cumstances. Consequently, this summation will be changed. It is unknown to

us how much CFs are present in the current environment and how they affect

the signal. The CFs in any environment may be infinite. Therefore, different

algorithms are presented in the recent literature to overcome the influence of CFs

for RSSI-based localization schemes to improve positioning accuracy.



Localization and surveillance 63

5.2.8 Regression Technique

The regression strategy is the most common word in the statistical analysis,

where the intensity and character of sample data are determined considering the

dependent (distance) and independent (RSSI) variables applying an estimated

model [87]. Where the estimated model is fitted to the particular variables to

fetch the highest precision to establish their relationship. Besides, it can be em-

ployed to determine the characteristics of the associated variables at a glance.

To this process, the nonlinear least-squares method produces a much bigger and

more general class of ranging precisions. Unlike linear regression, there are fewer

restrictions on the estimated model’s parameters. Therefore, with the nonlinear

regression strategy, any shape of ranging data can present more efficiently. Since

the RSSI and their distances are highly correlated; thus only a nonlinear regres-

sion model is a compelling alternative to predict their conditions. Therefore this

paper proposed a nonlinear regression scheme, where the proposed PLM is fitted

to the data using the least-square technique to establish the relationship between

RSSI and distance in a monotonic form. To increase the capability of PLM’s

parameters, different benchmarks are taken into account, including coefficient of

determination (R2), the sum of squared error (SSE), and root mean squared error

(RMSE) . The R2 evaluates how effectively a model is represented and predicted

by the scattered data in different ranges. The R2 more than 0.98 establishes that

98% of the modification in the character of distances represented by the RSSIs.

The SSEs and RMSEs decide how the data associated with the model brings to

the most desirable fit. The RMSE gives a comparably high significance than SSE

for larger errors. The characteristics of PLM validate that the use of a regression

technique is more beneficial. Because the shape of PLM is ubiquitous in natural

phenomena, and its parametric systems are well understood. To estimate the

position with PLM, the error between the actual and the estimated distance is

minimized based on γ and RSSI0. The estimated results depend explicitly on

the attenuation model and implicitly on the environment. The environmental

CFs influence both γ and RSSI0. So a proper analysis is required to minimize

the localization error to furnish a higher solution for balancing the environmental
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matters and measurements.

5.2.9 Technological Comparison

In developing reliable WSNs, the main contribution goes to managing the system

in its technology. Therefore to implement a WSN-based localization system [4],

researchers mainly focus on the technological specifications. Therefore, in this

literature, to properly judge technological ability, a comparative overview has

been presented of similar technologies. Here the most popular technologies such

as Wi-Fi, Bluetooth, and ZigBee are compared [8] because they are almost built

with similar specifications as well as form a point to multi-point (P2MP) network

topology. However, their operating capabilities are quite different, including the

data rate, range, and sensitivity. The comparison of different technologies is

shown in TABLE 5.1. In a typical comparison, it can be observed that Wi-Fi

outperforms other relative technologies such as Bluetooth and ZigBee in the sense

of range, data rate, and price. Further, Wi-Fi is widely used on a large scale of

applications due to its outstanding features in modern communications systems.

Besides, the smartphone supports Wi-Fi technology. On the other hand, if we

compare different Wi-Fi standards, e.g., IEEE 802.11b/g/n, IEEE 802.11ax [25],

IEEE 802.11ac, and IEEE 802.11n (5 GHz) [18]. It can be observed that the

frequencies, data rates, and sensitivities are much higher, and the ranges are

much lower for IEEE 802.11ax, IEEE 802.11ac, and IEEE 802.11n (5 GHz) than

IEEE 802.11b/g/n, which can increase some degree of efficiencies and capacities.

However, their costs are four to seventh times compared of the traditional one.

That will influence the budget for installation.

5.3 Implementation Background

To evaluate the performance of the proposed RSSI based fingerprinting algo-

rithm, experiments are conducted inside a departmental building using a net-

work of IEEE 802.11b/g/n Wi-Fi protocols installed in two rooms, their walls

built with various materials such as the combination of concrete and gypsum,



Localization and surveillance 65

Table 5.1: Comparison between similar technologies
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but have fiberglass doors and windows. Experimental scenarios of the audito-

rium hall and computer lab can be seen in figure 5.1 and figure 5.2, respectively.

The computer lab fills with computers and electronic gadgets along with wooden

furniture. On the other hand, most of the portion of the auditorium hall fills

with wooden sofas. For the proposed WSNs, Wi-Fi supported APs are used for

localization systems that have a typical omnidirectional coverage range of 32 m

in indoor environments. Three Wi-Fi APs are planted in three different positions

inside each room, i.e., at two corners and the center. Both APs radiate the om-

nidirectional signals together, covering the room. Moreover, using the developed

Wi-Fi analyzer APP, a smartphone simultaneously records APs RSSI samples
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from different reference point locations. Then it forwards these samples to the

server, where the server analysis them using a software-defined strategy to choose

better ones. A total of 30 RP positions are plotted on the floor of each room,

considering 5 rows and 6 columns by maintaining equal intervals. Every cell of

grid around each reference point have a dimension of 1.30 m × 0.98 m. Due

to different environmental scenarios in each room, their CFs must be diverse.

Besides, LoS, NLoS, and multipath signal radiations also affect the RSSI states.

Consequently, two localization scenarios are considered in every room, i.e., static

and dynamic. To conduct the experiments, both APs and the smartphone are

kept at the height of 1 m installed on the tripods at the static condition. On the

other hand, for the dynamic condition, APs are kept at the same height and same

positions as static, but a person walks inside each cell of the grid by gripping the

smartphone in hand. For each reference point, the smartphone collects a total

of 50 RSSI samples from every AP. However, only those APs’ RSSIs are taken

for calculation, which have more strong RSSI outputs. Then from any AP’s set

of RSSIs, the desired part is chosen using the proposed decision tree method for

each smartphone’s location. From it, the mode or mean special RSSI value is

calculated. Next, generally, its 5 nearest neighborhood (5NN) values are selected

to calculate their average. To minimize the errors for distance estimation, RAT

is used in the PLM. Finally, the smartphone’s position in each reference point is

measured using the APs’ positions and the distances between APs and reference

points, where this investigation has been conducted by recognizing the presence

of surrounding outdoor radio devices. Even some other smartphones are taken

into consideration where their users operate them from different indoor random

positions during both static and dynamic experiments.

5.4 Performance Assessment

The effectiveness of the proposed scheme has been studied by designing a simple

prototype. In the proposed system, each smartphone’s position to the RP is

localized with the help of RSSIs of APs. First, training data is collected from

the reference points. Then, on the basis of the distances from the training data,
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Figure 5.1: Experiment scenario for auditorium hall.

the test is performed to different RPs to calculate the errors. Where in both

scenarios, the original distance between two positions has been calculated with

the help of measuring ribbon and Euclidian geometry.

5.4.1 Results and Discussion

With the largest R2 = 0.9988 and least SSE = 1.158 and RMSE = 0.226, the

PLM establishes a better relationship between average KNN of mode RSSI values

and distances. For utilizing the RAT to the proposed PLM, the parameters are

generated for the auditorium hall d0 = 0.5674 m, RSSI0 = −42.34 dBm, and γ

= 0.7356 by the modeling in Matlab [70]. Moreover, the error is considered based

on this model in training environment.

The comparison between absolute errors considering the testing data of the av-

erage KNN of mode RSSIs for different rooms in static conditions can be seen in

TABLE 5.2, where the symbols ‘ah’ stands for auditorium hall, and ‘cl’ stands
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Figure 5.2: Experiment scenario for computer lab.

for the computer lab.

It is observed that for the initial original distance of 0.5674 m, the percentages

of error for ‘ah’ and ‘cl’ are 39.32% and 56.64%, respectively, but at the original

distance of 0.6038 m, the error percentages are increased and reached 63.13% and

74.66% respectively. Although the difference between these original distances is

0.0364 m, the percentages of error gain a high rise. The reason behind that is the

original distance of 0.5674 m is measured from AP2 (i.e., central AP), whereas

the original distance of 0.6038 m is measured from AP1 (i.e., corner AP). The

original distance from nearest RP of AP2 is less than the distance from nearest

RP of AP1. Since the position of AP1 is in the corner, where the surrounding

noises are very high than in other regions of the room because the signals from

multiple APs are quickly reflected and refracted from the walls, which infect

the RSSIs measurements by multipath radiations. Relatively the error effects

on the central positions are shallow. However, in the intermediate distances

(1.1349m to 4.5396m) for both rooms, the error percentages are relatively pettier



Localization and surveillance 69

(41.00% to 51.29%). For the long distances (i.e., from 4.7348 m to 5.8318 m), the

system achieves higher accuracies, where the error percentages are seen between

31.23% and 35.94% for ‘ah’ and 34.83% and 39.73% for ‘cl’. This happens because

when two APs’ distances are extended for consecutive RPs, their signal strengths

become very weak to these RP positions. Therefore, the signal of one cannot

affect others significantly. So the error percentages level is minor. In contrast,

when one AP’s signal strength is stronger than others, noises become larger.

So measurement states are quite unstable. Thus the errors of the intermediate

distances are comparatively large.

After, the mode RSSI value is compared with the mean RSSI value for both the

‘ah’ and ‘cl’ in static situations applying the same average KNN data filtering

approach to estimate distance. It can be observed from figure 5.3 that for mode

RSSI values, the errors are shallow, and the error difference between these two

rooms is not too big in static conditions. The highest error in the ‘ah’ and the ‘cl’

are seen at 1.8930 m and 2.0314 m, respectively, at the original distance of 5.8318

m. Their maximum error difference between ‘ah’ and ‘cl’ is 0.2188 in 5.6745 m.

On the other hand, the errors for utilizing the mean RSSIs are very high compared

to mode ones. The largest errors observed for the mean RSSIs in the ‘ah’ and

‘cl’ are 2.3924 m and 2.7512 m, respectively, at the original distance of 5.8318 m,

where their large error difference is 0.4676 at 4.5396 m. From this figure, it also

can be observed that the errors in the ‘ah’ are always under the ‘cl’ for both the

mode and mean outcomes to every RP position. The errors increase in the ‘cl’

may be due to the presence of electronic devices, which have a larger impact on the

RSSIs states due to signal diffractions. In addition, the CFs effects are changed

from time to time to any position. Subsequently, the RSSI readings are changed.

The comparison between the average KNN of mode and mean RSSI values in

different environments in static states confirms that the mode RSSIs outperform

the mean RSSIs with the proposed localization algorithm. Therefore, to validate

the feasibility of the mode RSSI values, different data filtering methods have been

compared with each other to verify their effectiveness for the proposed technique.

In this case, to the proposed algorithm, the KNN-based data filtering process is

replaced by KF [97] and RF [74] methods in static conditions where for the KNN
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Table 5.2: Comparison of test results between two experimental rooms

Serial
No.

Actual
Dis-
tance
(m)

Average
RSSIah
(dBm)

Average
RSSIcl
(dBm)

Estimated
Distanceah
(m)

Estimated
Distancecl
(m)

Absolute
Errorah
(m)

Absolute
Errorcl
(m)

1 0.5674 -42.51 -41.23 0.3443 0.2460 0.2231 0.3214

2 0.6038 -45.82 -47.11 0.9850 1.0727 0.3812 0.4689

3 1.1349 -46.44 -48.16 1.6227 1.6563 0.4878 0.5214

4 1.4547 -47.15 -45.96 1.9777 0.8426 0.5230 0.6121

5 1.7023 -46.01 -50.98 1.0313 2.4571 0.6710 0.7548

6 1.7602 -45.62 -51.65 1.0146 2.5704 0.7456 0.8102

7 1.9431 -50.55 -46.44 2.7485 0.9465 0.8054 0.9966

8 2.1661 -51.21 -53.52 3.0892 3.2126 0.9231 1.0465

9 2.2698 -52.43 -54.18 3.3236 3.4246 1.0538 1.1548

10 2.6386 -53.22 -47.39 3.7719 1.3930 1.1333 1.2456

11 2.8372 -46.21 -56.87 1.6111 4.1483 1.2261 1.3111

12 3.1375 -46.88 -57.74 1.7829 4.5274 1.3546 1.3899

13 3.4047 -56.82 -58.18 4.8669 4.9186 1.4622 1.5142

14 3.6609 -57.60 -59.66 5.1616 5.3297 1.5010 1.6688

15 4.5396 -58.22 -60.41 6.2128 6.2811 1.6732 1.7415

16 4.7348 -59.35 -61.58 6.4364 6.6171 1.7016 1.8823

17 5.6745 -53.56 -55.43 3.9024 3.6836 1.7721 1.9909

18 5.8318 -61.23 -55.89 7.7248 3.8004 1.8930 2.0314

method, five nearest values are selected. Besides, for the KF method, the process

noise is chosen 0.2, and for the RF method highest five decision trees are created.

It can be seen from figure 5.4 in both rooms that the proposed KNN data filtering
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approach gives errors under the KF and RF methods. The error differences are

substantial at every position between the KNN data filtering approach and the

other two approaches in every room. However, the error difference between KF

and RF is not too large. The highest localization errors for KNN, KF, and RF

methods in the ‘ah’ are 1.8930 m, 3.1412 m, and 3.5517 m and in the ‘cl’ are

2.0314 m, 3.3557 m, and 3.6170 m. With the above formations, the experimental

results show that the KNN technique is more suitable for the proposed algorithm

than KF and RF.

 

Figure 5.3: Comparison of location errors for special RSSI values in different
environments.

Table 5.3: Comparison of the highest errors in different rooms
Auditorium hall Computer lab

Algorithm Static Dynamic Static Dynamic
Proposed 1.8930 m 2.5621 m 2.0314 m 3.2161 m
SD-KNN 3.2261 m 3.7761 m 3.5159 m 4.4412 m
SRL-KNN 3.5421 m 4.3422 m 4.1120 m 5.0147 m
Distr-UKF 2.7911 m 3.7412 m
Min-Max-APS 4.1221 m 4.9247 m

The above experimental results assure that with the mode RSSI values and KNN

data filtering method, the proposed algorithm provides much higher accuracy.
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Figure 5.4: Comparison of location errors for different data filtering approaches
in different environments.

 

Figure 5.5: Comparison between algorithms for location accuracy at the audito-
rium hall in terms of CDF.

Further, for more satisfactory evaluations considering the different points of view,

the proposed algorithm is compared considering tasting with the other two state-

of-the-art KNN-based algorithms (i,e., SD-KNN [82] and SRL-KNN [33] algo-

rithms) that maintain the same test environments for static and dynamic sce-
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Figure 5.6: Comparison between algorithms for location accuracy at the computer
lab in terms of CDF.

 

Figure 5.7: Comparison between algorithms for dynamic location accuracy in
terms of CDF.

narios. Even in every algorithm, the fingerprinting method has been used. The

precision is measured by the cumulative distribution function (CDF) for the posi-

tioning error, which is the difference between the actual and estimated locations.

The rank RSSI value has been used in the SD-KNN approach. On the other
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hand, the mean RSSI value has been used in the SLR-KNN method. Figure 5.5

illustrates the comparative scenario of the proposed algorithm with SD-KNN and

SRL-KNN algorithms. It is observed that in the ‘ah’, the accuracy of the pro-

posed algorithm is very high than SD-KNN and SRL-KNN algorithms in the

static situation. However, the precision of SD-KNN is much close to some initial

positions of the proposed one, but when the distances grow, its errors reach an

extreme level. In contrast, the errors of SRL-KNN stay bigger than others. If

we consider the dynamic situation of the proposed algorithm, it will be observed

that some initial positions are much close to the static positions. However, for

the growing conditions, its errors are also increased, whereas the dynamic errors

of others algorithms are comparatively huge. Similarly, figure 5.6 depicts the

proposed algorithm again achieving higher precision than others in the ‘cl’ at

static and dynamic situations. To further verify the capabilities of the proposed

algorithm, it is compared with the other two state-of-the-art algorithms, includ-

ing Distr-UKF [88] and Min-Max-APS [86], with the reasonable parameters in

dynamic situations, which can be seen in figure 5.7. If we consider the scenario

of ‘ah’, it can be observed that the accuracy of the proposed algorithm and the

Distr-UKF algorithm are almost nearest to each other. Even for some positions,

the Distr-UKF achieves relatively higher accuracies than the proposed one. On

the other hand, if we consider the scenario of ‘cl’, it can be seen that for some ini-

tial positions, the accuracies of the proposed algorithm and Distr-UKF algorithm

are very close, but when the distances increase, it makes significant differences

where the accuracies of the proposed algorithm are much better than the Distr-

UKF method. In contrast, the accuracies of the Min-Max-APS algorithm in both

‘ah’ and ‘cl’ are very low. Its situations continuously maintain huge disparities

from the other two algorithms.

The largest error observation for each algorithm can be seen in TABLE 5.3. The

comparative results in static states show that the largest error percentage of the

proposed algorithm in ‘ah’ is 32.46%, which is very small than the SD-KNN and

SRL-KNN algorithms. Those have the highest error percentages, 55.32%, and

60.74%, respectively. On the other hand, in ‘cl’, the error percentage of the

proposed algorithm is 34.83%, which is also very small compared to SD-KNN
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(60.29%), and SRL-KNN (70.51%). The comparison of dynamic state in ‘ah’ il-

lustrates the largest error percentages of the proposed algorithm and Distr-UKF

are very close, i.e., 43.93% and 47.86%, respectively, where SD-KNN (64.75%),

SRL-KNN (74.86%), and Min-Max-APS (70.68%) generates more substantial er-

rors percentages. In the ‘cl’, the largest dynamic relative error percentages of

the proposed (55.15%) and Distr-UKF (64.15%) are comparatively bigger than

‘ah’. However, the largest error percentages of SD-KNN (76.15%), SRL-KNN

(85.99%), and Min-Max-APS (84.45%) are comparatively huge. The assessment

shows that for various scenarios, the proposed algorithm can produce a better

performance than other algorithms as well as its robustness is very high. From

this table, it also observed that (i) the largest errors of the proposed algorithm

are always under the SD-KNN and SRL-KNN approaches in static conditions for

both rooms, (ii) the largest errors of the proposed algorithm are always close to

the Distr-UKF algorithm in dynamic states compared to the SD-KNN, SRL-KNN

and Min-Max-APS algorithms, (iii) the largest static or dynamic errors of both

algorithms in ‘cl’ are higher than ‘ah’ for the same state due to the increase in

noise materials, (iv) the largest dynamic errors for these algorithms in ‘ah’ are

greater than the largest static errors in ‘cl’, (v) the presence of outdoor radio

devices do not keep a significant impression to the indoor measurement systems.

5.4.1.1 Throughput of Algorithm

For this experiment, a laptop Intel® CoreTM i3-2310M CPU @ 2.10 GHz with

4.00 GB RAM and 64-bit operating system is used, where the laptop compiles

a different size of the data packets to calculate the performance of the proposed

algorithm. The throughput of any algorithm can be calculated by

Throughput =
TS

TT
(5.6)

where TS is the total size of the data packets and TT is the total execution

times of compilation. Different sizes of data packets, i.e., (214570/250800/292300)

bytes, are used to observe the outcomes. It is seen that the throughputs of the
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proposed algorithm are 104.77 Kbps for 214570 bytes data packets, 81.64 Kbps

for 250800 bytes data packets, and 63.43 Kbps for 292300 bytes data packets,

respectively.

5.5 Conclusions

This chapter presents a novel Wi-Fi indoor localization algorithm utilizing the

RSSI fingerprinting methods. The proposed algorithm is generated by the anal-

ysis of characteristics of RSSI outcomes considering various environmental sce-

narios. Two APs are used to estimate the locations of the RP (smartphone)

on the indoor premises. A nonlinear attenuation model has been employed to

represent the relationship between distances and RSSIs. Using the positions of

two APs, situated at the corner and center, and the distances between APs and

RPs, smartphone locations at different RPs in a half portion inside a room are

estimated. The experimental and simulation results for two different scenarios

confirm that the positioning capability of the presented algorithm is significantly

more accurate and beneficial compared to other existing approaches, considering

the RSSI-based ranging technique. Thus it could be utilized extensively in the

indoor environment as a complement to current localization systems for various

positioning applications.



Chapter 6

Signal strength based Real-Time

Position Tracking of Vehicles

In the chapter, an signal strength-based position tracking [51] scheme of the ve-

hicle has been investigated. The next-generation vehicular tracking applications

on the road bring many benefits, including aided travel time estimation, traffic

trajectory observation, and quick congestion control. To meet such requirements,

adopting the positioning system with wireless received signal strength (RSS) is

a cheap, reliable, simple, and robust solution because RSS indicates the current

condition of the signal by geographically overlaying across a region. Considering

the usefulness of RSS, this paper has investigated an enhanced vehicle tracking

scheme incorporating the environmental issues in the driving motions, where con-

secutive Base Stations (BSs) are deployed nearby the road to track the position

of vehicles moving through different road lanes. From the rooftop, the antenna of

each vehicle radiates the omnidirectional signals [42] that exploit by the nearby

BSs antennas. Consequently, the data analysis platform associated with the net-

work recognizes the current position of each vehicle using the received RSSs in

different BSs by their identity (ID). In the road junction, vehicles can take turns

to change their road where for vehicle positioning, multiple BSs may be required.

Therefore, to improve the evaluation accuracy, the multiple BSs-based approach

77
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has been incorporated. The change in a vehicle’s position is determined by ob-

serving the change in respective RSSs received by successive BSs.

6.1 Background

With autonomous technologies, modern vehicular networks are now becoming

more intelligent by developing new traffic monitoring [53] schemes. Among dif-

ferent traffic handling strategies, the position tracking of the vehicle achieves

dramatic interest due to its several benefits and feasibilities. The procedure can

regularly be applied not only for safety precautions but also for information ex-

changes. In the proposed framework, the RSS-based [85] position tracking scheme

has been introduced to reduces any kinds of difficulties, including system com-

plexity, signal blockage, computational overhead, and power consumption, can

mitigate significantly. In this strategy, while a vehicle moves along the road, con-

secutive tracking BSs of it are subsequently changed. Since vehicles sometimes

move on a straight multi-lane road in any direction, the change in a vehicle’s

position is determined by observing the change in respective RSSs received to

successive BSs. Similarly, in the same manner, BSs track the vehicles which

move in the opposite direction.

6.2 System Model

Consider a vehicular network infrastructure [76], where BSs are planted on the

median strip of the bidirectional road, maintaining equal intervals. The antenna,

installed on the top of each BS has the same sensing coverage area and equal alti-

tude from the road surface. There are different lanes on the road for the vehicles’

movement, and many roads meet at the junctions. When a vehicle moves through

different sensing regions of successive BSs, the antenna installed on it (i.e., access

point (AP) [36]) radiates the signal, which is received by different BS antennas

(i.e., stations (STAs) [3]). By observing the RSS samples, the associated data

analysis platform with the BSs network tracks the direction of moving vehicles.
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Since the movement of vehicles bound to different lanes of straight road, RSS

change is negligible for slight displacement in the sides.

Considering the height of the BS antenna, the shape of a vehicle is insignificant.

The coverage area of a BS is πR2 for radius R. Since, in most cases, vehicles

move in a particular direction. Thus their positions can be tracked using the

nearer BSs. In the following, the proposed vehicle tracking procedure has been

explained systematically.

Assume that a vehicle is moving on a road from the point R1 to R2, through the

lane L1 (Fig. 6.1). At a certain time, the position of the vehicle is P . The BSs

nearest to P are BS1, BS2 and BS3 (according to Fig. 6.1). The height of each

BS is h. At a certain time t, we have to find the position P (x, y) of the vehicle.

Figure 6.1: Illustration of the vehicle tracking system using BSs in the junction.

Consider a BS receiving the RSS from the vehicle at a certain time t. At the

particular time t, let A be the position of the antenna of the BS, B be the

position of the BS, and C be the position of the vehicle (see Fig. 6.2). Then, the

height of the BS is denoted as AB, which is equal to h. AC denotes the distance

of the vehicle from the antenna of BS that is equal to d, and the distance of
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the vehicle on the ground from the bottom of the BS is r, which is denoted

by BC. Then, if a circle of radius r and center B is drawn, then the circle is

called signal strength’s coverage circle, which is denoted as C. This radius r can

be determined by the Pythagorean theorem applied on the right angle triangle

∆ABC as r =
√

(d2 − h2), where h is the height of the BS and d is the elevation

distance of the vehicle from the position of the antenna B.

Figure 6.2: Illustration of the vehicle tracking system using a single BS.

This d can be measured by, d = d0 × 10
(rss0−rssp)

10γ where d0, rss0, and γ are the

environmental parameters and rssp is the measured RSS value.

6.3 Tracking Algorithm

In the following, the tracking algorithm has been investigated to estimate the

position of each vehicle between the BSs. The data analysis platform associated

with all BSs determines the vehicle’s position using the BSs identities.

Let at any time instance t, for a particular vehicle we get n (n ≥ 3) different

signal strength’s sensing coverage circles Ci i = 1, 2, . . . , n (in Fig. 6.3, there

are 3 coverage circles C1, C2, and C3). Consider 3 coverage circles C1, C2, and

C3 among n circles. Compute the position of the pair of intersecting points for
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the pair of circles C1, C2 and C1, C3 (in Fig. 6.3 P12, Q12 and P13, Q13 are the

pair of intersecting points for the pairs of circles C1, C2 and C1, C3 respectively).

Then, calculate the distances for each pair of intersecting points. Among these

distances, consider the minimum distances (if there exists more than one pair for

which minimum distance occurs, then break the tie arbitrarily). Let P1 and P2

be the pair of points for which minimum distance occurs. These P1 or P2 can be

the possible correct position P of the vehicle.

Figure 6.3: Illustration of three coverage circles of BSs.
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Let us consider the set of all possible correct positions and name it as S. Initially, S
consists of those two points P1 and P2 calculated before. Consider any one point

from the set S and name it as R, i = 2, . . . , n− 1. Compute the intersecting

points for the circles Ci and Ci+1, i = 2, . . . , n− 1. Let the intersecting points

are Si and Ti for i = 2, . . . , n− 1. Then calculate the distances RiSi and RiTi.

Consider the point between Si and Ti for which minimum occurs and named it

as Pi+1. Include Pi+1 in the set S. Thus, proceeding in a similar manner, we

get the set S with n points S = {P1, P2, . . . , Pn}. Compute the center of gravity

(C.G.) of those n points. This is the desired destination point P (x, y), which is

the location of the vehicle at a particular time instance t.
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Algorithm 6.1 Position Tracking

1: procedure Tracking

2: /* BSis be n Base Stations, i = 1, 2, . . . , n */;

3: Input: Bi(xi, yi) ←− location of BSi, i = 1, 2, . . . , n;

4: di ←− distance (noisy) of vehicle from the antenna of BSi estimated at
an instant t;

5: Output: P (x, y) estimated location of the vehicle at time t;

6: Compute radii ris for n coverage circles;

7: Compute n coverage circles Cis with center Bi(xi, yi) and radius ri, i =
1, 2, . . . , n;

8: Compute intersecting points: for the pair of circles C1, C2, and C1, C3;

9: For each pair of the intersection points, compute distances;

10: Consider the minimum distance; break the tie arbitrarily;

11: Let P1 and P2 be the pair points with the minimum distance;

12: S←− {P1, P2} /* S is the set of possible correct positions */;

13: for i = 2 to (n− 1) do

14: Select an arbitrary point from S, rename it as Ri;

15: Compute the intersecting points of Ci and Ci+1, say Si and Ti;

16: Compute the distances RiSi and RiTi;

17: Find d = min{RiSi,RiTi} = RiPi+1, Pi+1 = Si or Ti;

18: S←− S ∪ {Pi+1};
19: end for

20: Compute P (x, y) ←− center of gravity of n points Pis of S;
21: end procedure
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6.4 Conclusions

In this chapter, an RSS-based position tracking scheme has been investigated for

vehicles considering moving scenarios using the coverage areas of various BSs. The

data analysis platform associated with every deployed BS determines the vehicle’s

position in every iteration utilizing the exploit RSSs to single or multiple BSs.

The proposed RSS-based vehicle tracking scheme is more simple, reliable, robust,

and can be applied as a complement to the current GPS system. Considering

environmental anomaly concerns, in the future, the scheme can be utilized for

online decision-making to reduce on-road traffic jams.



Chapter 7

Sensing Capable Multi-hop

Strongly Connected Network

This chapter presents a sensing-capable multi-hop Wi-Fi router [15] network

framework, where the multi-hop [20] routers will be installed in different loca-

tions and will be connected to one another wirelessly through the ring network

topology, where inside a router, through wire connection AP transmits a query

to the STA, but the query response will not come from STA to AP through the

wire, it will move from STA to AP wirelessly with a different path. The path is

strongly connected. Moreover, by connecting to any router with a smartphone,

the user can send the query [80]. To effectively deal with the query through the

multi-hop network [27], the cost-effective sensing-capable multi-hop router net-

work is a compelling choice for a large number of people, which not only reduces

the overall costs of the network but also saves energy because this router can

work long times with a small power battery backup.

85
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7.1 Background

In wireless sensor networks (WSNs) [96], multi-hop communications play a sig-

nificant role because, with the multi-hop router, the range of the network can be

expanded to a particular direction without increasing the sensing coverage area

of any router, which does not only reduce energy consumption but also increase

network capabilities according to the requirements. Even connection loads can be

efficiently distributed between multiple routers. Due to their small size, wireless

routers can easily be portable from one place to another and can be taken into

operation in any location for different purposes. Besides, it can be integrated

as a part of the existing network infrastructure to meet the users’ requirements.

For its various functionalities, it can comfortably use in indoor as well as out-

door regions. However, for the requirement of high data throughputs considering

massive users’ demands, the wireless multi-hop router fails to achieve desired per-

formance due to channel shortage, limited bandwidth, processing complexity, and

computational overhead. So a large part of the conventional network runs over

wire cables [46], which is very costly to meet small or personal network demands.

In addition, to install and maintain the wired network, experienced technicians

are required, but their services do not always remain freely available. Even every

application does not demand the requirement of an expensive network, especially

those networks which are built for lower data transmission. In contrast, tradi-

tional Wi-Fi routers are not developed with sensing capabilities, which restricts

their applicability. This section focuses on developing cost-effective sensing ca-

pable multi-hop routers’.

7.2 System Design

In this work, we developed a cheap and simple multi-hop router with sensing

capabilities using some wireless modules easily available in the market to con-

struct a offline network for a surveillance system. Among the low-price radio

technologies, Wi-Fi is more popular than relevant technologies such as Bluetooth
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and ZigBee due to its unique features, e.g., wide coverage, high data throughput,

large bandwidth, and minimum installation costs. Even common commercial Wi-

Fi devices operate on 2.4 GHz unlicensed ultra high frequency (UHF) and are

generally known as industrial, scientific, and medical (ISM) bands. Therefore,

to develop a multi-hop router, we use Wi-Fi supporting micro-controller unit

(MCU) compatible [57], two wemos D1 R2 modules [39], and programmed one as

AP and another as STA to establish the wireless connection between routers. In

each router, the AP is the gateway to the network, which allows external wireless

devices and the STA of other routers to use the network interface. On the other

hand, in a router, an STA is used to increase the network range by connect-

ing to another router wirelessly. Typically, it is very hard for a wemos D1 R2

module to do both works simultaneously as AP+STA. Because in this case, data

management overhead and computational complexity will be gradually increased

when concurrent data from multiple sources passes through this module. As a

result, the communication process can be ceased by the hang of the network. So

to leverage the network capabilities, individual mechanisms are used in AP and

STA.

To each wemos D1 R2 module, by default, the same wireless channel is used

to exchange data through carrier sense multiple access with collision avoidance

(CSMA/CA) protocol [22] (half duplex), which can create a situation of data

collision when inside a router, both AP and STA simultaneously transmit and

receive different wireless data. Therefore, individual data need to pass through

different channels to avoid the collision. Moreover, for a router inside communi-

cation between AP and STA, there require a wire protocol, which can successfully

mitigate data loss because compared to a wireless connection, the data loss of

wire connection is negligible. In a wemos D1 R2 module, to communicate with

other modules, there only have three wire protocols (figure 7.3), including uni-

versal asynchronous receiver/transmitter (UART), inter-integrated circuit (I2C)

[73], and serial peripheral interface (SPI) [7], whereas, for communication between

AP and STA, the UART [40] is the compelling choice due to its programming

codes’ simplicity and require only two jumper wires to transmit data from the

source to destination. In contrast, serial clock line (SCL) and serial data line
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(SDA) based I2C data exchange policy implementation between AP and STA

through programming codes is very difficult and may not be successfully exe-

cuted. Besides, the master in slave out (MISO), master out slave in (MOSI), and

serial clock (SCK) enabled SPI data transmission mechanism also face similar

problems as I2C. However, both UART and I2C are half duplex, but SPI is a full

duplex protocol.

To enable each router to be sensing capable, required to include some sensor on

it. Nevertheless, in a router, both AP and STA will face a large number of con-

ditional issues on their programming codes regarding data exchange. Even each

AP has to manage multiple wireless connections through programming. Thus AP

cannot tolerate such a burden. Although each STA has lower computing pressure

than AP, but when sensors are added to it, it may produce the worst perfor-

mance. So neither AP nor STA is suitable for including sensors on it. Therefore,

another external module is required, which can perfectly handle all connected

sensors’ communications. Consequently, an Arduino Uno board is included in

each router as a controller of sensors. The controller is wire connected to STA.

To communicate between STA and controller, there have only two remaining pro-

tocols, i.e., I2C and SPI. However, the programming codes of I2C is more simple

than SPI for STA and controller communication. So, the I2C protocol is used,

where its programming code is developed to obey the requirement regarding the

sensors. Both modules are programmed using Arduino integrated development

environment (IDE) software. The individual external users can observe the cur-

rent outcomes of sensors of other routers by connecting to any router of this

multi-hop network with their smartphone. To successfully manage this system,

an APP has been designed for the smartphone [29]. However, to access a router,

there needs to include a password authentication system such that information

can be secured efficiently. Each sensor is wire connected to the controller. In

each router, the same sensors are used for various purposes, such as relays used

to light, fan, etc., to turn on/off them, Hc-Sr501 sensor used for motion detec-

tion, MQ-2 used for fire recognition, MQ-5 for gas detection, MQ-3 for alcoholic

activity detection and LM393 for sound discovery. To the communication mech-

anism, when an AP receives data from any source, it forwards this data to the
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STA through the wire connection inside the router and to the destination router

of the query. STA sends the query to the wire-connected controller and receives

the response, which will be sent to the source AP through another path. Mean-

while, a liquid crystal display (LCD) can be included in each router to display

the information, and power will be given to each router by a lithium-ion battery.

Fig. 7.1 illustrates the communication overview of the proposed sensing-capable

router.
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Figure 7.1: Framework of sensing capable multi-hop router.

7.3 Strongly Connected Theorem

In this work, we have considered a set of routers. Each router consists of an AP

and an STA. There is an internal wire connection from the AP to the STA of a

router. There is also a controller which communicates with the STA. There is

an external wireless connection from the STA of a router to the AP of another

router. Consider a router as a vertex and the connection from the STA of a router

to the AP of another router as a directed edge. Our target is to form a strongly

connected directed graph. A strongly connected directed graph is a graph whose

edges are directed, and any vertex is reachable from any other vertex. We have

considered another condition that an STA of a router can connect only one AP
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of another router. We will show that the graph must be a directed cycle. The

connection scenario of the network is described in Fig. 7.2.

Figure 7.2: Strongly connected scenario of the network.

Theorem : According to our conditions, the graph is strongly connected iff it is

a directed cycle.

Let the graph is strongly connected and { Router v1, Router v2,. . ., Router vn

} be n vertices of the graph. Since the graph is strongly connected, there is

a directed path from Router v1 to Router v2. Discard all the vertices which

appear on the directed path from the vertex set. Now find the directed path from

Router v2 to the least indexed vertex in the vertex set. In this directed path, all

the vertices are different from the discarded vertices. Otherwise, there will exist

a vertex from which more than one edge exit. It is impossible, according to our

assumption. In this way, we will get a finite number of directed paths. Combine

these directed paths and give a directed edge from the last discarded vertex to

Router v1. This will form a directed cycle.

Conversely, let the graph be a directed cycle. Any vertex is reachable from any

other vertex. Thus the graph is strongly connected.
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7.4 Algorithmic Statement

This sensing-capable multi-hop router is composed of mainly three components,

i.e., AP, STA, and controller, to manage the network system perfectly. Their

working methods are described by Algorithm 7.1, Algorithm 7.2, and Algorithm

7.3, respectively.

Algorithm 7.1 AP
1: setup:
2: ID // Identity of AP; Port number // Serial port; dataStr // Variable to store the data

packet (pkt); Connections limit // Maximum number of STA connection;
3: end setup

4: loop:
5: if an STA try to connect to this AP then
6: if no free slot is available for allocation then
7: Reject the new connection;
8: end if
9: Let ith slot of AP is available for allocating STA;
10: STA connects to ith slot of AP;
11: Obtain pkt from ith slot are stored in dataStr;
12: end if
13: if dataStr is non-empty then
14: if the destination of pkt is the wire connected STA then
15: Send the pkt to the wire connected STA of the AP;
16: else
17: Forward the pkt to the appropriate wireless STA;
18:
19: end if
20: end if
21: end loop

7.5 Network Protocols

For wireless communications among modules, IEEE 802.11 standard is defined

as a distributed coordination function (DCF) for sharing access to the medium,

based on the CSMA/CA protocol with a binary exponential backoff algorithm.

In CSMA/CA, a module can sense the channel before sharing its data packet.

First, it listens to the channel to determine whether some other module is trans-

mitting data or not. To avoid collisions, modules attempt transmission only when
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Algorithm 7.2 STA
1: setup:
2: Port number // Serial port; dataStr // Variable to store data packet (pkt); AP-list // A

predefined list of APs with IDs to form a network;
availableAPs // A list of APs whose signals are available to the STA;

3: end setup

4: loop:
5: if pkt is available from the controller or the wired AP then
6: Receive pkt is stored in dataStr;
7: end if
8: CheckConnectivity(): // Check for a connection to the AP;
9: for each AP ∈ AP-list do
10: if AP ∈ availableAPs then
11: ListenAP(): // Listen AP with appropriate ID and port;
12: end if
13: end for
14: if dataStr is non-empty then
15: Deliver the pkt from dataStr to its destination (dst);
16: if dst is the STA itself then
17: Send the pkt to the controller;
18: else if pkt is available from the wireless AP then
19: Send pkt to the wired AP;
20: else
21: Send pkt to the wireless AP; // pkt is received from the wired AP;
22: if the wireless AP is disconnected then
23: ConnectionRequest(): // Request to connect to the wireless AP;
24: end if
25: On connection, pkt is transmitted to dst;
26: end if
27: end if
28: end loop

29: function ListenAP()
30: if wireless AP is found then
31: Return true;
32: end if
33: end function

34: function CheckConnectivity()
35: if any wireless AP is available from the routing table to the STA then
36: This AP will be added into the list availableAPs;
37: end if
38: end function

39: function ConnectionRequest() // STA want to connect the target AP;
40: if STA is disconnected from the AP then
41: Try to reconnect the AP;
42: end if
43: end function
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Algorithm 7.3 Controller
1: setup:
2: strReceive // Variable to store data packet (pkt) received from STA; strRequest // Variable

to store pkt received from a sensor;
3: end setup

4: loop:
5: ReceiveEvent(): // Controller listens STA to receive pkt from it;
6: RequestEvent(): // Controller listens STA for forwording pkt to it;
7: if a pkt is found for a sensor then
8: Input mode // Obtain pkt from the sensor;
9: Insert sensor’s pkt to the strRequest;
10: end if
11: if a pkt is found for a relay then
12: Output mode // Forward pkt to the relay;
13: Deliver STA’s pkt by the strReceive;
14: end if
15: if strRequest is non-empty then
16: RequestEvent(): // strRequest is sent to STA;
17: end if
18: if strReceive is non-empty then
19: ReceiveEvent(): // strReceive is sent to relay;
20: Relay starts to control a device;
21: end if
22: end loop

23: function ReceiveEvent()
24: Receive the pkt to strReceive from the STA;
25: end function

26: function RequestEvent()
27: Send the pkt from strRequest to the STA;
28: end function

the channel is sensed idle. If another module is heard with message sharing, it

waits for a period until it listens to a free channel for communication. There-

fore CSMA/CA is considered a contention-based access protocol as well as it is

simple, feasible, robust and mainly used for dynamic network topology. More-

over, CA is introduced, among other wireless approaches to minimize the impact

of hidden and exposed terminal problems. This protocol enabled to transmis-

sion and receive data with point-to-point (P2P) and point-to-multipoint (P2MP)

group operations. The CSMA/CA consists of an RTS/CTS access mode. The

protocols for the wemos is presented in Fig. 7.3.

To communicate between two modules, the UART is a low-data-rated generating
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I2C pins
SPI pins UART pins

I2C pins

CSMA/CA

Figure 7.3: UART, I2C, and SPI pins of a wemos D1 R2.

protocol. However, the efficiency of UART is very high compared to other inbuild

protocols defined in the modules. The UART is a form of serial communication

of digital data since all data is transmitted as sequential bits. It requires only

two wires for communicating from source to destination. In this protocol, the

TX pin of the transmitter is directly connected to the RX pin of the receiver and

vice versa. Each transmitting data frame consists of one start bit, a maximum

of 9 data bits, one parity bit, and one stop bit. After detecting a start bit, the

receiver begins to read the incoming bits at a specific frequency known as the

baud rate. Both modules must operate at about the same baud rate. The parity

bit informed the transmitter whether any data had changed during transmission

or not.

The I2C is a synchronous communication protocol. It can connect multiple mas-

ters to multiple slaves. However, to communicate between two modules, only one

master and one slave are used. I2C is a two wires interface, one is the SDA, and

the other is the SCL. The SDA line sends and receives data for the master and

slave, whereas the SCL line carries the clock signal. The data frames begin with

one start bit and end with one stop bit. For identifying each module, there has
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a pre-defined address of 7 or 10 bits. The address bits are followed by a control

(read/write) bit. This read (R) or write (W) bit determines whether the master

module writes to or reads from the slave.

7.6 Application Scopes
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Figure 7.4: Background of the smartphone APP.

This multi-hop network can easily be made in any place with a simple setup, as

each router is very small in size. A personal and temporary network can be formed

with a few routers efficiently. Each router can be attached to the network without

any fixed infrastructure. It is useful for both rural and urban communication.

This communication process is very comfortable because any instruction can be
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sent through the smartphone APP, which is drown in Fig. 7.4.

To the indoors, the network is usable in industries, homes, hospitals, hotels,

restaurants, shopping malls, etc. Moreover, for outdoors, the network is usable

in agriculture, forests, mountains, rivers, deserts, etc. In the case of a natural

disaster, i.e., earthquake, flood, fire, etc., the network will be helpful. Also,

different educational work can be organized using this multi-hop network.

7.7 Conclusions

In this chapter, to send the query using the smartphone, a sensing-capable multi-

hop routers network framework is planned based on the ring topology. To make

each router, according to the requirement, different cost-effective modules are

used and programmed such that they can do different tasks to manage the network

datum. There are limited inbuilt protocols in these modules, which have different

programming challenges to establish various types of connections. However, for

developing this sensing-capable multi-hop router, best of our knowledge, proper

protocols are chosen according to the working functionality, which optimizes the

system performance.
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Conclusions

Wireless sensor networks (WSNs) have been used in various applications such

as surveillance, target tracking, habitat monitoring, medical treatment, space

exploration, etc. Since sensing and communication is the main operation in these

networks, it is important to know the location at which device readings originated

or the target is detected. Apart from this, localization information of devices

is inevitable for geographical routing, data aggregation, and tracking services.

Thus, localization has been studied as a critical research issue in WSNs. Besides,

in this thesis, we develop a sensing-capable multi-hop routers communication

network for surveillance systems. To develop the surveillance systems, a strongly

connected ring network has been designed, as well as to communicate between

different modules, proper protocols and programs are used.

8.1 Our Contributions

We first proposed the different techniques for position localization based on the

RSS approach. Then, a multi-hop communication network strategy is presented

for the surveillance system.

In chapter 3, an efficient distance estimation technique has been proposed using

the receiver’s angle where from a rotating access point (AP) placed on the blade

97
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of a rotating object; the RSSs are received to the station (STA) at different angles

positioned at the wall in a room. For this, two modules are used as AP and STA.

First, the angle between the STA and the center of rotating object is calculated.

Then using the intersection between two base circles made by the angels, the

distance between the wall and the center of the rotating object is calculated.

Chapter 4 has proposed a distance estimation technique between two devices

based on RSSIs in different environments. With NodeMCU (ESP8266), the dis-

tances between AP and STA are measured through a straight line in the outdoor,

corridor, and indoor by keeping these devices on the floor. To observe the change

in RSSIs, the mean and SD-based approach is used. Besides, the curve fitting

technique (CFT) is used to improve the accuracy of the estimated model. The

proposed model is compared with different existing models to observe the perfor-

mance accuracy. It is observed that the proposed estimation technique achieves

higher accuracy compared to others.

In chapter 5, we have proposed the smartphone localization method using tradi-

tional Wi-Fi routers where three routers are placed in two rooms. The floor is

divided by a grid, and using three routers’ RSSI values, the smartphone positions

are localized. In this process, the RSSIs values of three routers are received to

the smartphone, which is forwarded to a data observing platform for analysis to

produce the results. Even different special RSSI values are compared to find a

suitable one. Besides, a probability-based regression analysis technique (RAT)

strategy is considered. Experimental shows that the performance of the proposed

method outperforms the existing methods.

Chapter 6 proposes a position-tracking technique for on-road vehicles using the

RSS values to the base stations (BSs). For the this, two modules were used, one

as AP and another as STA. The vehicle transmits the RSSs, and with the change

of two consecutive RSSs to the BSs, its position is tracked. To track the position,

the path loss model (PLM) is used, where between the intersection of multiple

BSs coverages, the current location of each vehicle will be tracked. The proposed

approach is highly efficient, simple and robust.

Chapter 7 has developed a sensing-capable strongly connected multi-hop router
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network infrastructure for surveillance systems. In each multi-hop router, there

have an AP, an STA, and a controller where wemos D1 R2 ESP8266 modules are

used as AP and STA, and an Arduino Uno board is utilized as a controller. To

this controller, various sensors and relays are connected. Moreover, the AP and

STA are used to communicate wirelessly with other routers. Inside a router, both

modules are wire connected to each other by suitable protocols. This could be

helpful for several uses.

8.2 Future Scopes
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Figure 8.1: Autonomous self-driving vehicular network.

The proposed works can be used in various fields of applications like human ac-

tivity recognition, traffic trajectory detection, indoor surveillance systems, smart

city development, etc.

In the near future, automation technology will become an essential part of our

daily life, where every wireless electronic device will be controlled through com-

puting and sensing. Even most of the devices will be connected to each other

via IoT architecture. Our next goal is to develop vehicular communications,

monitoring, and control systems utilizing autonomous technologies. In this sys-

tem, the wireless base station (BS), situated on the road, will be connected to
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each other via a multi-hop network topology. Moreover, with these connections,

not only will the vehicle be controlled, but also the passengers of these vehicles

will be communicated with others. As well as, the on-road traffic monitoring

system will be developed beyond these communication systems to reduce traffic

jams. We also have another future plan to utilize multi-hop communication for

industrial automation. These technologies are thought to consider future smart

cities. Therefore, those technologies have huge demands for future hassle-free

transportation architecture.
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