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ABSTRACT

Full Name . [Mansour Aljarbue]
Thesis Title : [LOCALIZATION TECHNIQUES IN WIRELESS GEOPHONE

NETWORKS FOR HIGH- DENSITY SEISMIC ACQUISITION]
Major Field : [MASTER OF SCIENCE IN TELECOMMUNICATION

ENGINEERING]
Date of Degree : [April 2021]
Seismic data acquisition in oil and gas exploration is a challenging task due to the huge
survey areas, e.g. up to 100 km?, which requires thousands of geophones. Many companies
rely on traditional cables to transfer the sensed/collected data from geophones to a Data
Collection Center (DCC) using long cables, weights around 75% of the overall survey cost.
Although cables are reliable for data transmission, their deployment, maintenance, and
labor costs wireless data transfer an attractive alternative. Accurate positioning of
geophones is crucial for the sensed data interpretation, which drives the need of power-
efficient accurate positioning techniques for Wireless Geophones Networks (WGNS). This
thesis will tackle this problem and propose novel approaches for energy-efficient WGN
localization. We propose a realistic channel model for near-ground antennas, and
cooperative localization techniques and compare it with non-cooperative localization
techniques in WGNs. The proposed models showed that cooperative localization can
enhance the localization performance greatly. For instance, at shadowing level of 4 dB
standard deviation, we observed that cooperative localization can improve the accuracy by
80% compared to the noncooperative case and under the grid-deployment. Cooperative
localization can be improved further by 41.1% using time of arrival techniques with
additional complexity. Furthermore, the proposed channel parameters can affect the

localization performance. Therefore, proper selection of the parameters can enhance the

localization accuracy.
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CHAPTER 1
INTRODUCTION

Land seismic acquisition is an essential part for oil and gas explorations and used for
reflection seismology. This can be achieved by generating man-made vibrations (or seismic
waves) on the earth’s surface, varying their frequencies, and then sensing the reflected
waves from earth’s subsurface. Seismic data acquisition has three phases as shown in
Figure 1. The first phase is the sweep phase, where the vibrating source generate elastic
waves at the surface. After that, the listening phase where geophones listen to the reflected
acoustic/elastic waves reflected from subsurface layers. Finally, the Move phase, where
the seismic source, also known as the vibration point, proceeds to next survey spot.

Vibration source can be either a vibrator truck or explosives [1].

s | N
] ' ]

Sweep Length Listen Time Move Time

Figure 1: Seismic acquisition methodology [2]

Current geophones are connected through power and data cables to send sensed data to the
Data Collection Center (DCC). Since the survey area is extremely large, it requires heavy
and very long cables and equipment to cover the whole survey area [3]. Wired and cable-

based connections provide a reliable and fast communication. However, their expensive



cost of deployment, maintenance, troubleshooting, manpower, and logistics make wireless
data acquisition more favorable. In addition to the expensive cost, cable connection
requires a significant time and effort for the full deployment and geophones’ connections.
Furthermore, the deployment of heavy batteries poses safety hazards for the crew in

addition to possible damage to the ecosystem [3].

1.1 Land Seismic Acquisition

Land seismic acquisition in oil and gas explorations is conducted by generating vibrations
on earth’s surface of the survey area and distributing geophones at specific locations to
sense the reflected waves from subsurface layers. In Figure 2, the concept is illustrated
using a small-scale set up of seismic acquisition system with cable-based geophones. They
report their sensed waves to the Seismograph, which analyze the data from all geophones.
However, the survey areas in land seismic surveys might cover up to 100 Km? and require
around 10,000-30,000 geophones. Geophones are typically deployed in the field in straight
lines and typically spaced by 5-30 m [4]. These straight lines of geophones are called
receiver lines (RLs). The vibrating source moves in straight lines perpendicular to RLs,

which are called source lines (SLs) [1].

Seismic source Seismograph
— Geophones

7

V3, p3

Figure 2:Small-scale seismic acquisition system using cable-based geophones [5]



1.2 Wireless Geophone Networks

Wireless geophone, shown in Figure 3, can be deployed in the oil and gas survey fields to
sense the reflected acoustic waves generated by a vibrating source. Large number of
wireless geophones will form a Wireless Geophone Network (WGN) that can sense the
reflected seismic signals and transmit them to the DCC [6]. WGN consists mainly of
wireless geophones, cluster-heads, and gateway nodes. The large-scale network is divided
into clusters, and each cluster consists of wireless geophones and a cluster head. Wireless
geophones are used only to sense and transmit data to cluster heads. Cluster heads then
aggregate all data from nearby geophones and then send them to gateway nodes, which in

turn forwards the collected data to the DCC [4].

=

Figure 3:SmartSolo wireless geophone (with 1.1 kg weight, 95mm X 103mm dimension and 38.48 Wh
battery)

1.3 Geometrical System Layout

Large-scale high-density wireless geophones networks consist of more than 10,000
geophones to cover an area up to 100 km?. Geophones are typically distributed in the survey
area or field in parallel lines, known as a Receiver Lines (RLs), as shown in Figure 4.
Geophones are placed approximately over equally spaced separations of 5-30 m. RLs are

typically 200 m apart [1]. Gateways distribution is shown in Figure 4, where each cluster



forms a cell that covers several wireless geophones. Seismic sources, i.e. seismic vibrators
mounted on trucks, move in orthogonal direction to RLs as depicted in Figure 4, which are

known as source lines (SLs).

1000

800

400

meters

Source Lines

Receiver Lines

400 — 1 1 1 1 1 1 1 1 |
-200 o 200 400 600 800 1000 1200 1400 1600
meters

Figure 4: Orthogonal WGN deployment

Generally, self-localization in wireless sensor networks requires a minimum of three
noncollinear anchors to localize a point in a 2-D space [7], [8]. Typically, geophones are
deployed in a grid deployment (Figure 5) [1]. However, survey areas might prevent having
the geophones in a grid-deployment due to the difficulty of placing geophones in some
locations. Therefore, we will study the case where geophones are deployed in random

deployment (Figure 6).



In our problem of wireless geophone localization, the scenarios of geophones geometry
will be grid and random deployments. The performance of these scenarios will be

examined and investigated in this thesis.

1.3.1 Grid-Based Deployment

WGNs typically have a grid-based deployment where thousands of geophones form
Receiver Lines (RLs) to cover the survey area, as shown in Figure 4 [3]. Wireless
geophones and gateways form clusters where a set of wireless geophones connected to
nearby gateways as shown in Figure 4. Figure 5 shows a cluster in a grid-based deployment.
The localization performance of grid-based deployment will be studied in this thesis. The
same method can be carried on for the whole survey area, where geophones within the
cluster can localize themselves with the aid of the nearby gateways that are equipped with
GPS.
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Figure 5: Grid Deployment of geophones



1.3.2 Random Deployment

It is occasionally encountered in seismic survey areas that partial segment of the survey
area cannot have geophones placed in in grid-based fashion. This could be due to
obstruction of reaching some locations in difficult terrains [9]. Therefore, this thesis will
study the localization performance of geophones in random deployment as shown in Figure

6.
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Figure 6: Random Deployment of geophones

1.4  Localization in Wireless Networks

Wireless Sensor Network (WSN) localization has been investigated intensively in recent
years due to the trend of Internet of Things (loT) and location-based services and the need
for energy-efficient localization methods. For example, many wireless sensor nodes rely

on the power-demanding Global Positioning System (GPS) antennas. Different localization



methods or algorithms are designed for the requirement in various applications.
Localization can be done either pre-deployment, where nodes location is assigned
manually, or post-deployment. Post-deployment localization can be categorized into node-
self localization or target/source localization as shown in Figure 7 [10]. Node self-
localization can be performed using triangulation, trilateration or the maximum likelihood
method [10]. These methods rely on the different estimation techniques that estimate the
distance between nodes. Furthermore, node self-localization can be either range-based or
range-free localization.

Range-based localization is more accurate than Range-free localization since it measures
the absolute distance between nodes [7]. Distance estimation in range-based localization
can be based on Time of Arrival (TOA), Time Difference of Arrival (TDOA), Angle of
Arrival (AOA) or Received Signal Strength Indication (RSSI) [7]. RSSI technique
measures the signal strength and estimate the distance between nodes based on the path
loss of transmitted signal. RSSI is the most power efficient localization method due its
simplicity in term of hardware and processing power. However, it lacks the accuracy due
to the error introduced by the additive noise and channel attenuation. TOA/TDOA
estimates the distance based on the signal propagation period. They have better accuracy
but require extra hardware and processing power [10]. AOA estimate the distance based
on the angle of arrival. It requires antenna arrays, which is inefficient for low-cost sensors
[10].

Range-free localization is less accurate than range-based localization since it does not
measure the absolute distance between anchors nodes and the unknown node. In Hop-

count-based range-free localization, distance is estimated by calculating the average hop



distance. This is computed by measuring the absolute distance between the anchors,
equipped with GPS antennas, and then divide the Euclidean distance by number of hops
between them. This results in the average of hop distance, which is used to locate the
unknown node using triangulation, trilateration or the maximum likelihood method [10].
Pattern matching-based (Fingerprint) localization is commonly used as non-real time
localization technique. It has two phases, where radio map is generated in the first phase.
After that, the proximity is done by comparing the current radio signal to the radio map.
Fingerprinting can lead to large localization error in crowded environments due to effects

such as multipath, diffraction, and reflections. [7].
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Figure 7: Localization methods [8]
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1.5 Channel Models

Wireless propagation can follow different channel models depending on the propagation
environment. Signal fading can be classified into large-scale and small-scale fading. Large-
scale fading is the average signal attenuation due to moving over large distances and
shadowing effects i.e. when obstacles between transmitter and receiver obstruct the signal.

Small-scale fading is rapid changes of the signal over short time/distance caused by



multipath signal propagation or Doppler spread in the case of mobility. Log-Distance and
Log-Normal-shadowing are the most well-known models that describe the large-scale
fading, where the former one does not account for shadowing effect while the latter does.
Small-scale fading in time-variant multipath channels can be described probabilistic
models such as Rician and Rayleigh fading models. Rician and Rayleigh models are
adopted in the case of large number of multipath components. Rician model is used in the
multipath environment where Line-of-Sight (LOS) exists between transmitter and receiver,

while Rayleigh is used in case of LOS does not exist between transmitter and receiver [11].

1.5.1 Log-Distance Propagation Model
Signal propagation model can vary differently depending on the propagation environment.
Accurate pathloss model can be modeled by complex analytical expressions or empirical
models that are applicable for only a short range of environments. However, there are
generic pathloss models that can provide an acceptable propagation model with simple
expression. Log-Distance pathloss model is one of the most famous pathloss models since
it captures the essence of signal propagation in a simple model [11]. The Log-Distance
propagation model is given by

PLyog-pistance = 108 logo d (D
where S is the pathloss exponent and d is the Euclidean distance between transmitting and
receiving antennas. The pathloss exponent changes depending on the propagation
environment. Table 1 shows a list of different pathloss exponents, g, for different

propagation environments.



Table 1: Pathloss Exponent for Different Environments [10]

Environment B

Urban macrocells 3.7-6.5
Urban microcells 2.7-3.5
Office Building (same floor) 1.6-3.5
Office Building (multiple floors) 2-6
Store 1.8-2.2
Factory 1.6-3.3
Home 3

Therefore, by manipulating the pathloss exponent, this pathloss model provide an insight

about the signal propagation for large number of environments with simple expression.

1.5.2 Two-Ray Propagation Model

Two-Ray propagation model is used in an environment with one dominant multipath
component, such as ground reflection. This thesis will examine flat-earth exploration
terrain, where geophones’ antennas are near to ground, and the ground reflection is
significant [3]. The most suitable model in this scenario is the Two-Ray model, since the
dominant multipath component is the ground reflection of the signal [12]-[15]. Rodriguez
et al. in [13] investigated through measurements campaign the wireless access channels
with near-ground level antennas for various outdoor scenarios. Based on their

measurements, the propagation channel was well approximated by the Two-Ray path loss

> (2)

where A is the carrier wavelength, G, and G, are the gains in the direction of LOS and

model. The path loss using the Two-Ray model is given by

NN

l x+ x’

A
PL(TWO—Ray) = 2010g <|:E:| X

ground reflection, respectively. G; is defined as the product the of the antennas’ gains (G,
and G,) in LOS direction, while G, is defined as the product of the antennas’ gains (G, and

G,4) in the direction of ground reflection as shown in Figure 8. A¢ denotes the phase
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difference between LOS and ground reflected components. The reflection coefficient of

the ground, R, is

R _sin@— Ve —cos?6
sinf® + Ve —cos?6

which depends on the complex permittivity, &, for the ground surface characteristics and

(3)

the incident angle 6. The phase difference, and geometrical parameters, [, x, and x’ (Figure

8) are defined by

A(/):27t(x-l;\x’—l) 4)
[ =./d? + (h, — h,)? (5)
x +x" =./d? + (h, + h,)? (6)

where d is the Euclidean distance between transmitting and receiving antennas, h, and h,.
are the heights of transmitting and receiving antennas, respectively. The received signal

strength is given by

NN

l x4+ x'

A
P = P, — 20log ([E] X

)+n @)

where P and P, are the power of transmitted and received signals respectively indBm. The
log-normal shadowing, n, follows the Gaussian distribution n ~ N(u, a2) where u is the

mean and ¢ is the standard deviation.
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Figure 8: Two-Ray path loss model with respective parameters

1.5.3 Simplified Two-Ray Pathloss Model
Two-Ray pathloss model that has been discussed in previous section is excellent in term
of precision of pathloss model when nodes and anchors are in a close proximity. When d
isrelatively large, x + x' = Ll = d, 0 = 0, G; = G,,and R = —1, then (7) can be simplified
into the following pathloss model

P = Py + 10log,,(G,h?h?) — 40 log,od + n (8)
The simplified Two-Ray pathloss model is a good approximation of the Two-Ray path loss
model if the distance between the transmitter and receiver (d) exceeded the critical

distance d. as shown in Figure 9 [10]. d.. is given by

4h.h
de = — . 9
Equation (8) can be written in an alternative way that can be useful in next sections
n
Y X h = ay X 1020 (10)

Ll Po . . . n
where Y = 1020, ay; = /G, h, 1020, h = d?. For sufficiently small noise 1020 can be

In10
20

approximated using first-order Tylor series expansion as 1 + n. Therefore, (10) can

be approximated to

12



YXh=ay+¢€ (11)

=a01n10 n

50 (12)

€

Two-Ray Pathloss Model
Simplified Two-Ray Pathloss Model

/Y Critical Distance
-50

-100 r

Pathloss

-150 r

l0g ()

Figure 9: Two-Ray path loss model vs simplified Two-Ray path loss model

1.5.4 Localization Complexity in Ground Reflection Model

The pathloss model plays an essential role in the localization in term of accuracy and
computational complexity. This thesis will examine the localization using Two-Ray
pathloss model, which is more accurate in seismic survey environments due to the
existence of the ground reflection multipath component. However, this model will impose
a higher computational complexity. Figure 10 and Figure 11 show the 3-D localization
objective functions of the Log-Distance and Two-Ray pathloss models respectively. It is
clear that Two-Ray pathloss models is highly nonlinear and nonconvex compared to the

Log-Distance pathloss model, which makes the localization complexity extremely higher.

13



This extreme complexity drives the need for simplified Two-Ray pathloss model, which is

easier and faster to compute.

3000
2500
2000
1500

1000

y-axis

Figure 11: Localization objective function using Two-Ray pathloss model
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1.6  Thesis Contributions

This thesis will examine and investigate the localization of WGN for high-density seismic
acquisition. In the literature, RSSI based localization was mainly studied using Log-
Distance pathloss model. In WGNSs, this model might not be the ideal choice due multiple
reasons. First, in seismic survey areas, signal propagation between transmitter and receiver
can experience a severe constructive/destructive interference from the ground reflection.
This is due to the fact that geophones normally have low-height antenna. Therefore, the
ground reflection plays a major role in the received signal strength. Second, the Log-
Distance pathloss model does not account for the carrier frequency, which affects the
interference caused by the ground reflection. Third, the antennas heights can impact the
received signal strength between nodes in WGN. Therefore, this thesis will study the
localization of wireless geophone network adopting the Two-Ray pathloss propagation
model, which provides an accurate signal propagation model for seismic survey areas.
Furthermore, unlike most of the localization techniques, the proposed RSSI localization
methods do not rely on the knowledge of the transmitted power from other nodes. We
further derive mathematical lower bound expressions on the localization performance for
the proposed estimation techniques and corroborate them with numerical simulations.
Several parameters such as number of cooperating nodes, connectivity, antenna heights
and gains, etc. were investigated and their effect on the localization accuracy. To the best
of our knowledge, Two-Ray propagation model in a grid-based deployment of WGNSs has
not been investigated in RSSI localization. In addition to the noncooperative and
cooperative localization using RSSI, this thesis will investigate and compare the TOA
localization techniques and their associated complexities.

15



1.7 Thesis Outline

This thesis will be structured as follows. In Chapter 2, the literature review of different
localization method will be reviewed and discussed. Specifically, the literature review on
cooperative localization using RSSI and TOA localization techniques will be discussed. In
Chapter 3, noncooperative localization will be introduced and investigated for seismic
surveys. In Chapter 4, cooperative localization will be proposed for the wireless geophone
network in both grid- and random-based deployments. In Chapter 5, TOA localization
methods will be discussed and analyzed. Finally, the conclusions and future work are in

Chapter 6.
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CHAPTER 2

LITERATURE REVIEW

In this chapter, the literature review on wireless sensor network localization in general will
be discussed. Then, we will present the cooperative localization and its various schemes in
literature. We will then specifically focus the attention on two broad categories, namely,
Received Signal Strength Indication (RSSI) and Time of Arrival (TOA) based localization

techniques.

2.1 Localization Techniques in Wireless Sensor Network

WSN localization has attracted attention over the last few years, primarily for indoor
applications. This can be rooted to the fast pace of 10T and WSN development for domains
such as agriculture, military, and industrial applications, etc. GPS in certain cases is not a
feasible positioning option due to its high-power consumption, expensive cost, and the
need for line-of-sight (LOS) with satellites for accurate positioning [16]. Therefore,
different energy-efficient localizations techniques have been investigated over the last
decade. The most common localization techniques use range-based distance estimation in
localization, which can be classified into Time of Arrival (TOA), Time Difference of
Arrival (TDOA), Angle of Arrival (AOA) and RSSI [7], [17].

Cheng et al. in [10] provided a comprehensive review on WSN localization methodologies
including source/target or node-self localizations. They also discussed distance estimation

techniques, considering both range-based and range-free. Furthermore, they discussed
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localization in case of non-line-of-sight (NLOS) and cooperative localization. They
proposed to optimize the performance and energy consumption using localization
scheduling mechanisms. Finally, they investigated the performance criteria such as average
error or Root-Mean-Square-Error (RMSE) evaluation. There are advantages and
disadvantages of adopting those localization techniques depending on the application.
Azmi et al. in [18] reviewed various WSN localization techniques and compared different
RSSI-based localization algorithms such as Min-Max, Multilateration, Maximum
Likelihood, and Ring Overlapping based on Comparison of Received Signal Strength
Indicator (ROCRSSI). They also described TDOA localization algorithms such as
approximate maximum likelihood, two-stage maximum likelihood, and the use of genetic
algorithms.

There have been several works in the literature on range-based localization techniques. R.
Gong et al. in [19] introduced Multilateration localization methodology. RSSI ranging
techniques was used for distance estimation. Then, they evaluated the localization
performance experimentally. Laaouafy et al. in [20] introduced two localization
methodologies, which are Trilateration and centroid. Trilateration is range-based
localization while centroid is range-free localization. The performance is then evaluated
using Cooja simulator. Khan et al. in [21] provided a comprehensive overview about
different range-free localization. This includes Centroid, APIT (Approximate Point in
Triangle), DV-Hop scheme, Multi-Hop and their subcategories.

Recently, there has been an increasing attention on the applications of wireless sensor
networks. For example, oil and gas explorations rely on conducting land seismic surveys

with thousands of geophones. S. Savazzi et al. in [4] provided a comprehensive overview
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of land seismic survey and Wireless Geophone Network (WGN). They showed current
limitations of wireless sensor networks solutions for land seismic acquisition. They
proposed Ultra-Wide Band (UBW) wireless communication to provide high-speed data
rate and accurate positioning. They showed the performance for cooperative and non-
cooperative localization using TOA. The performance is corroborated with analytical
Cramér-Rao Lower Bound on localization as a benchmark.

V. A. Reddy et al. in [22] proposed a cooperative localization for linear WGN using AcA
over mm-wave communication. Localization performance limit is derived in terms of
Cramér-Rao Lower Bound and worst-case position error bound (PEB) for single-hop and
dual-hop cooperation in linear topologies. The path loss model considered was free space
path loss, and localization performance was evaluated for different number of antenna
arrays and distances.

A. Almehdar et al. in [23] proposed a localization method for WGN that use Deep Learning
for AoA estimation. In this work, geophones assumed to have a single antenna while
cluster-heads equipped with Uniform Linear Array (ULA) antennas. The channel model
adopted does not account multipath fading effects. A neural network (NN) was used for
AOA estimation, and the localization performance was investigated by comparing the
performance of different NN with different hidden-layers and different neurons per hidden-
layer.

We propose the Two-Ray path loss propagation model with RSSI-based localization
technique in our wireless geophone network as the suitable model for seismic surveys with

flat-earth environment, such as deserts. In this thesis, we will also compare the accuracy
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and performance with different localization methods and derive the analytical limits in

terms of Cramér Rao Lower Bounds.

2.2  Cooperative Localization Techniques

Classical localization algorithms mentioned in section 2.1 can be used between a node with
unknown location and anchors. The minimum number of anchors required for localization
is three noncollinear anchors based on the trilateration and triangulation algorithms. The
localization accuracy has a direct relation with the number of anchors contributing in the
localization. A novel method to improve the accuracy with same number of anchors is the
cooperative localization. Cooperative localization is the method of localization in which
all nodes with unknown locations cooperate with each other in the localization process.
Nodes in RSSI-based localization report the sensed signal-power from other nodes to the
anchors. After that, anchors estimate the distances between them and consider these
distances in the localization process. This method improves substantially the localization
accuracy.

Bouhdid et al. in [24] proposed an energy-aware cooperative localization method through
RSSI ranging for trilateration. They proposed cooperative localization through three
phases. First, a set of unknown nodes use classical localization method for localization by
comparing the transmitted signal with the received signal and evaluate the distance. Next,
these nodes broadcast themselves as virtual anchors (VA) for new sets of unknown nodes.
The new sets will localize themselves based on the anchors and VVAs. Theses anchors will
only be considered if they exceed the confidence level threshold, which controls the

accuracy of the localization.
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Balaji et al. in [25] introduced cooperative trilateration technique for object localization.
They introduced range-based and range-free localization. Then, they discussed the
cooperative localization, where unknown nodes localize themselves, and then they
broadcast their location. Other nodes with no nearby anchors can rely on these nodes for
localization. Finally, they compared the localization accuracy of classical and cooperative
localization.

Tomic et al. in [26] proposed a novel method that combines the RSSI and AOA ranging
for 3-D nodes localization using Maximum likelihood estimator (MLE). The localization
method described in [26] does not requires the knowledge of the transmitted power of
sensors. Vaghefi et al. in [27], [28] proposed an RSSI localization method with unknown
transmitted power. MLE estimator was used for localization. Furthermore, SDP relaxation
was performed on the objective function and its localization performance is compared with

MLE.

2.3 RSSI and TOA Based Techniques in Localization

RSSI and TOA are widely used ranging techniques for localization. RSSI is simpler in term
of hardware and processing power compared to TOA. However, it lacks the accuracy due
to the noise and shadowing effects on RSSI unlike TOA.

Researchers proposed different techniques that can enhance localizations accuracy in an
energy-efficient manner. Zou et al. in [29] proposed a low complexity TOA localization
algorithm that used iterative algorithm for MLE. They showed that the proposed algorithm
outperforms traditional methods, such as weighted least square (WLS) and Taylor Series

Expansion, with lower complexity. M. Laaraiedh et al. in [16] proposed a hybrid
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localization technique that combines the ranging of RSSI, TOA, TDOA in order to enhance
the positioning accuracy. Maximum likelihood (ML) and weighted least squares (WLS)
were used for localization. Finally, a performance was compared for hybrid localization
with classical localization RSSI or TOA or TDOA.

Wu et al. in [30] introduced TOA localization with a survey on various contributions to
TOA localization methods. Synchronization and NLOS are the main sources of error in
this technique. They proposed a TOA localization method that account for the NLOS and
synchronization errors unlike the ones presented in literature. Its performance was

compared to residual weighting algorithm, Quadratic Programming, and TOA.
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CHAPTER 3
Noncooperative Localization in Wireless Geophone

Networks

In this chapter, we first discuss the system and channel model for the noncooperative
localization, then introduce the proposed estimation techniques. The optimization problem
is then defined adopting the Two-Ray propagation channel model followed by the
derivation of CRLB expression. Finally, the Monte-Carlo simulation of the localization

performance under various shadowing levels will be discussed.

3.1 Introduction

Noncooperative localization is the classical localization method where the geophone sends
a beacon signal that is sensed by at least three noncolinear gateways. The beacon signal is
used by the gateways for distance or range estimation [7]. The most well-known ranging
techniques are RSSI, TOA, TDOA and AOA. Once the distance is estimated between the
geophone and the gateways, the position of the geophone can be estimated [31].

There is a wide range of estimation techniques that can vary in computational complexity
and positioning accuracy. Accurate estimators tend to have more computational
complexity [32]. Weighted Least Square (WLS) is an estimator better known for its
simplicity; yet it lacks the accuracy if measurements are highly noisy [33]. On the other
hand, MLE is excellent in terms of accuracy and it is asymptotically efficient [34] with
relatively higher complexity. In this chapter, the performance of noncooperative

localization will be investigated using different estimation techniques.
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3.2  System and Channel Model

In this section, the system and channel model for noncooperative localization using Two-
Ray pathloss model will be discussed. Let i and j be the indices of i*" gateway and ;"
geophone, where i € Cand j € L. C is the set of indices of gateways, i.e. C= {1,2, ..., M};
and L is the set of indices of geophones, i.e. £ = {1,2,..., N}. Furthermore, let A; and B;
be the set of indices of gateways and geophones connected to jt* geophone, respectively,
such that A; € C and B; € L. Let y = [yy,...,¥u]", x =[x, ..., xy]" be the set of the

gateways and geophones 2-D coordinates, respectively, where y; = [a;, b;]" and x; =

[xj,yj]T € R2. Let py = [Py1, Poy, -, Pon]Tdenotes geophones’ transmitted power (in

dBm). The received signal strength (in dBm) at i** gateway from j** geophone is given by

N

!

A .

ij
where n is the log-normal shadowing follows the Gaussian distribution n ~ N(u, o) and
all other parameters are defined and discussed in detail in section 1.5.2. d;; is the distance

between it" gateway and j* geophone which is given by

dij = \/(xj - ai)z +(y; - bi)z iep (14)
As stated in section 1.5.3, if the distance between the nodes d;; is asymptotically large,

then x;; +x;;' = l;; = d;j, 0;; = 0, G, = G, and R;; = —1. Therefore, for d = d;;, the

ij
expression in (8) can be rewritten as
P;; = Py; + 101logy((G,h?hZ) — 40logyo(d;;) + n i €A; (15)

Furthermore, for d = d;;, (11) and (12) can be written as

ij

Yl]Xhl]:a01+€0J lEA] (16)
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€)= —2——n (17)

where Y;; and h;; are defined in subsection 1.5.3.

3.3 Proposed Estimation Techniques

We discuss in this section the proposed position estimation techniques in the wireless

geophone networks under the Two-Ray propagation channel model.

3.3.1 Maximum Likelihood Estimation
Maximum Likelihood Estimation (MLE) is common method of parameter estimation due

to its excellent performance, which approaches the CRLB asymptotically [34]. From (13)

J

the MLE for the j* geophone is defined as

N

!

- A
Y; = argmin Z P;; — Py; + 20log [—] X
T fxpPojlers Y < 4m

l ij
€A

where 9; = [x;, Py,].

3.3.2 Weighted Least Square
Weighted least square (WLS) is a simple regression method that can be used for location
estimation. It is extremely fast and has a simple computation complexity [27]. However, it
lacks the accuracy for relatively large noise [33]. From (16) the WLS localization for the
jt" geophone is defined as
Yij X hij = apj + € (19)

Expanding the left-hand side of (19) and rearranging gives

2Y;yix; — Yyl x; + ag; = Y;;¥{y; + € (20)

Let 0, = [x], x/x

i @gj], then (19) can be written as
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G = 2vyf -Y; 1], h = |Yyyiyi|, € =|; (22)
—~ -1
0;=(6,'W;6;) G 'W;h (23)
@pjln100 -2 . . . . -
where W; = [2—0] I'|5;|- ao; is unknown and it can be omitted since it is a constant

multiplied by W;.

3.3.3 Semidefinite Programming
Semidefinite Programming (SDP) is one of the best estimators in term of complexity and

accuracy [27], [35]. From (16) the SDP localization for the j* geophone is defined as

[%), @] = argmin Z (¥ x hyj = ao;)” (24)
Xp%ojl iea;

where Y;;, h;; are given in subsection 1.5.3 with the Euclidean distance d;; defined in (14).
Equation (24) is nonlinear and nonconvex, later, we can convert it into a convex problem
by defining an auxiliary variable z; = ijxj. The minimization problem can be relaxed to

an SDP optimization problem as

minimize z (YL-]- X h;j— aoj)
[x).2j.ij.co5] 4
lGAj

subject to
=212 ]2 i €A
o=l |xf 7|11 J
12 x]
>
[ij Zjlfog =
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Now, (25) is a convex problem. This can be solved by convex optimization techniques

[51].

3.4  Optimization Problem

In the previous section, we defined multiple noncooperative localization estimators for
wireless geophones networks. These estimators rely on the fact that the minimum of
objective function will result in estimated location [28]. In our situation, MLE is highly
nonlinear and nonconvex. Therefore, linear and convex optimization techniques will not
be applicable [36]. Since, the MLE is highly nonlinear and nonconvex, global minimization
will not be guaranteed. Therefore, the initial starting point plays an essential role. This what
drives the need for a simplified Two-Ray model, which serves as a starting point for MLE
estimator. Nonlinear nonconvex optimization is a challenging subject, and the optimization
techniques are normally complex. Since the computational capabilities of geophones and
gateways are limited, complex optimization techniques will not be ideal solutions.
Heuristic optimization methods can be used for nonlinear nonconvex. They have less
computational complexity [37]. There are different Heuristic optimization methods such
as Genetic Algorithm (GE), Evolutionary Programming (EP), Differential Evolutionary
(DE), Particle Swarm Optimization (PSO) and many other methods. They are iterative
random search methods, which provide good results with less computational complexity
[32]. DE optimization method will be used for MLE minimization. For SDP, we will use
the CVX toolbox in MATLAB. Table 2 shows the algorithm time complexity of different
algorithms [27], [36]. It can be shown that DE will be more suitable for MLE than Gauss-

Newton Algorithm due to its simplicity.
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Table 2: Algorithms Complexity

Optimization Method Iterations Complexity per
Iteration
ML (Gauss-Newton Algorithm) k Ny3
o|N3 (M + 5)
ML (DE Algorithm) k 0O(N)
SDP Ny\*
VN log(1/€) 0 (N4 (M N E) )

LLS 1

0 <6N3 (M + g>2>

3.4.1 Differential Evolutionary Algorithm

DE algorithm was introduced by Rainer Storn and Kenneth Price between 1994 and 1996.
This algorithm was first proposed to solve the Chebychev Polynomial fitting problem.
Later, this algorithm was used to solve complicated optimization problems [36], [38]. This
algorithm is characterized by its simplicity and robustness and fast convergence toward the
optimum solution [36]. It is population-based iterative optimization method which require

(NP) population of candidate solutions [X;, X,,...,Xyp], each with a dimension of size,

D, such that X; = [xi,x5,...,x5]. The problem dimension, D, is based on the number of

variables to be estimated. DE optimization algorithm has six main steps:

1. Initialization

The initial step is the specification optimization parameters, which are

D: The problem dimension of the candidate solutions X; = [x{,x5,...,x5]

NP: The population size [X4,..., Xyp]
N: Maximum Number of lterations
F: Mutation Factor

CF: Crossover Factor

Once the optimization parameters are set. The initial population can be found as follows
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i i i i , ,
X} = %} in + rand X (X} max — %} min) i€ NP,jED

Where x; i, and x; 4, defines the minimum and maximum range of the parameter need
to be estimated, rand is a random number such that rand~U(0,1).
2. Evaluation and finding best solution
Once all the candidate solutions in the population are evaluated, the best solution X, is
stored.
3. Mutation
The mutation process starts with generating a new population or off-springs, where new
solutions can be created by combining or mutating current solutions. Therefore, for every
candidate solution X; , a new mutation vector V; = [vi, v}, ..., v5] can be found as

Vi = Xpest + F(Xp1 — Xr2)
X1, X, are random solutions from current population. The mutation Factor, F, plays an
important role in the convergence speed.
4. Crossover
Crossover process can enhance the diversity of the search space and hence the optimization

performance. In crossover operation, each the candidate solution X; and the mutant vector

V, create a new trail vector T;. Let T; = [t}, ¢}, ..., th], therefore, T; can be found as

{v]‘ rand < CR
j

xji, rand = CR
5. Selection
The selection process is the last step of the iteration, which provide a new population for

the new iteration. The new population can be found by comparing the objective function
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value of the candidate solution X; and the mutated/cross-covered trail T;, then select the
better one in term of objective function fitness.

6. Stopping criteria

The stopping criteria is a problem dependent. However, the number of iterations must not

exceed the maximum number of iterations defined in the initialization step.

DE Algorithm
Specify control parameters (NP, D, F, CR, N)
Generate random population
Xt = %} nin +rand X (X} gy — % yin) L € NP,j €D
Flnd Xbest
While termination condition is not satisfied
for i=1 to NP
Generate two indices rl, rl with rl# 12
Vi = Xpest + F(X;1 — X;2) % Mutation
for j=1 to D
if rand < CR
L o

q =vj % crossover

else
i_
ti =
end

} % crossover
% end if
if
f(T) < f(X;) %selection
Xi = Ti
else
Don’t change X;
end % end if
end $end of D
end $end of NP
update Xpest
end $ end While

Figure 12: DE algorithm

3.5 Cramér Rao Lower Bound Derivation

Cramér-Rao Lower Bound (CRLB) is defined as the lower limit of the variance of any
unbiased estimator [34]. In this section, the CRLB for RSSI localization with unknown
transmitted power will be derived. Let y; = [xj,Poj], then the log Maximum-Likelihood

(ML) function of (13) is defined as
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Inp(p;,¥;) =k — *(u(w,;) - p;) (n(¥,) - p;)
where

[ ]

u () = 'lmf p, =Py

d

—lEAj . lEA]’

———

JG + Rij/Gr e 4%

7
lij xij +xij

)

2
Hij = PO]' + 2010g ([E X
Therefore, the CRLB for v is defined as

CRLB(%;) = diag (1 ()

where J(¢j) is the Fisher information matrix which is given by

T
) = o~ [alnp(pj,tpj)l lalnp(p,-,tp,-)l:g_zFTF
61[)]- 61/’]'
where
F,y
al‘(w] [
T oy IFJ : [flj
|~F'NJ . _lEAjUB]'
[a”l] a#lj a:u'l.]
ax] ' j' 6P0]
ou;; _ Ouij . ad;; ou;; _ Oy adij % 4
ox; _od, ox;' dy; oad, 9y, 9Py
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—sinAg..
+,/Gr< >cosA(p x—,”
[xl] +x

Xij + Xij
(30)
v t)
x J— —_——
A (le + xl]) ll}
JGR;
+ |2 X smA(p
xi; + X; ij
—d.; cosAg..
[xij + XLIJ] xij + xij
y E(L_&>
A\(xj +x5) by
adl] _(ai x]) i€e A] (31)
ad;; —(b; — y;) . (32)
dy; d;;
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3.6 Numerical Results and Discussion

In this section, we will discuss the performance of the proposed estimators for
noncooperative localizations in the cases of grid-based deployment and random-based
deployment depicted in Figure 5 and Figure 6, respectively. The estimators that are used
for noncooperative localization are: WLS, MLE and SDP. SDP estimator in (25) is a
convex optimization technique that converge to the global minima without initialization
step. Furthermore, WLS estimator in (23) is a linear estimator that does not require
initialization step. However, MLE estimator in (18) is nonlinear and nonconvex.
Therefore, initialization is needed, and it plays a major role. We used SDP estimation as a
starting point of MLE estimator. MLE uses DE optimization algorithm as shown in Figure
12. Monte-Carlo simulations have been performed to see the performance of the estimators
for grid-based and random-based deployments. These estimators are benched-marked with
CRLB which is the minimum variance on any unbiased estimator. Table 3 lists the

simulation parameters used in the numerical simulation for the localization accuracy.

Table 3: Simulation Parameters of Noncooperative Localization

Simulation Parameter Value
Average transmit power | 10 dBm

h; 0.8m

h, 15m

f 470 MHz

G, 1

G, 1

I3 3.0000 - 0.0038i

Figure 13 and Figure 14 show the Root-Mean-Square-Error (RMSE) versus the shadowing
standard deviation (o). The RMSE is calculated based on 500 noise realizations. From the

simulations, we can clearly see that the standard deviation of the shadowing affects WLS
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estimator heavily. On the other hand, SDP estimator performance is much better, and it is
close to MLE initialized with the correct solution. Furthermore, we can see that the
deployment of geophones has an impact on the localization error. For WLS, the grid
deployment localization error is lower than the error in random deployment. However, for

MLE and SDP estimators the performances of both deployments are comparable.
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Figure 13: Noncooperative localization performance for different estimators (Random-based Deployment)
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CHAPTER 4

Cooperative Localization in Wireless Geophone Network

In this chapter, we first introduce the system and channel model for the cooperative
localization and associated position estimation techniques. The optimization problem is
stated using the Two-Ray propagation channel model and the CRLB expression is then
derived. The extensive numerical simulations of the localization performance under
various shadowing levels will be performed considering effect of number of cooperative

nodes, connectivity, antenna heights and gains will be investigated.

4.1 Introduction

Cooperative localization is a novel method of engaging and exploiting geophones as
gateways for localization. In cooperative localization, each geophone sends a beacon signal
that can be heard by nearby gateways and geophones [39], [40]. Nearby geophones will
report the sensed signals to nearby gateways. Gateways, which are equipped with GPS,
will utilize the sensed signals from both gateways and geophones to estimate the
geophones’ locations [39]. Cooperative localization can impose more computational
complexity. However, it can increase the localization accuracy greatly since the number of
measurements will be increase and hence the accuracy will increase [41].

All ranging techniques that have been discussed in Chapter 3 are applicable for cooperative
localization. Furthermore, the estimation and optimization techniques that are applicable

for cooperative localization, which will be investigated in the subsequent sections.
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4.2  System and Channel Model

The system and channel model for cooperative localization will be an extension to the

noncooperative model discussed in section 3.2. Let A; and B; be the set of gateways and
geophones connected to j** geophone respectively, such that AjcCandB;c L. Lety =
[Vi, o, YulTs x = [x4, ..., xy]7 be the set of the gateways and geophones 2-D coordinates
respectively where y; = [a;, b;]" and x; = [xj,y]-]T € R2. Let Po =

[POl,POJ-,...,PON]Tdenote geophones’ transmitted power (in dBm) respectively. The

received signal strength (in dBm) at i*" gateway from j* geophone is given by

N

!

A .

ij
This model and all its parameters are discussed in detail in section 1.5.2. d;; is defined as

the distance between i" gateway (or geophone) and j* geophone which is given by

dij = \/(xj —a) + (v - by)’ LE A

2 2 .
dsz\/(xj—yi) + (=) i € B
where dj; denotes the distance between collaborating nodes. As stated in section 1.5.3, if
the distance between the nodes d;; is asymptotically large, then x;; + x;;" = l;; = d;j,

8;; = 0, G, = G, and R;; ~ —1. Therefore, for d = d;;, expression in (8) can be written

ij»
as
P;; = Py; + 1010g;(G-h?hZ) — 401log,(d;;) +n i€A;UB; (35)

Furthermore, for d = d;; (11) and (12) can be written as
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€pj = —o—n i€AUB (37

4.3  Proposed Estimation Techniques

In this section, we introduce the proposed cooperative position estimation techniques in the

wireless geophone network under the Two-Ray propagation model.

4.3.1 Maximum Likelihood Estimation
Maximum Likelihood Estimation (MLE) for cooperative localization will be an extension

of (18) where measurements between geophones are utilized to enhance the location

J

estimation. Therefore, MLE for cooperative localization is defined as

—jA@: :
@ argmin > Y SO BydGre
[xpleR3N

l.. X +x’
JEL i€AjUB; Y Y 2

A
where ¥ = [x, p,].

4.3.2 Semidefinite Programming
Semidefinite Programming (SDP) for cooperative localization is an extension of (25). The

auxiliary variable will be extended to be z = xTx. Therefore, cooperative SDP is defined

as
minimize Z Z (Yij X hij — aoj)z
[x.z,hj,a05] =
JEL i€AjUB;
subject to
Y11, x|[JYi
v = 2e] [ 3] e
ij —e;| [,7 Zl|—e j
0, 1[I, x][ O, ,
hij [el_ej] [xT z] [ei_ej] LeB
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I, x
2 7> ous (39)

4.4  Optimization Problem

The optimization techniques for cooperative localization are similar to noncooperative
localization. DE optimization method will be used for MLE. MATLAB CVX toolbox will

be used for SDP.

45 Cramér Rao Lower Bound Derivation

Cramér-Rao Lower Bound (CRLB) is defined the lower limit of the variance of any
unbiased estimator. In this section, the CRLB for RSSI localization with unknown
transmitted power will be derived for cooperative localization. Let ¥ = [x, po], then the

log ML function is defined as

Inp(p,¥) =k —c*(u@) —p)" (u@P) — p) (40)

Il1(‘/})
w@) = w@) | @) =|m

”N(¢) . iEAjUBj
P17 .
[ . I[ . 1| (41)
p=\P;jl, p;= lpij
|~I’N- ' iEA]'UBj
A G, R...JG. e /2%
Wi = Py; + 20log [—] X ‘/_l+ /G @ -
4 lU xij + xl'j
Therefore, the CRLB for  is defined as
CRLB($) = diag(J~* (¥)) (42)

where J(¥) is the Fisher information matrix
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T
R e Nk (43)
F,
@) |, :
F = l;;l;)p = P:j , F; = fl]
FN - TIEAjUB;
B duij () ouij(P) O (P)
Fi=1"ey "oy, 0 Tomy (44)

iy (P)  op;; () o dd;; i (P)  ou;; () y ad;; ou;(P) _

- 1) _ ) 1
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% 27'[( dl] dlj>
A \(x+x) L
Gy +55) L .
JG.R;;
+|2 % J L sinAgp

X

27'[( dl] dl]>
A\(xy +xi5)

adu _ —(ai - x])

0x; d;; 4
odi; _ —(bi— ;) _—
dy; dij !
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| € B,
3%, d LR
9dy; _ —(yi—y) eB
dy; d;; g

t

4.6 Numerical Results and Discussion

This section will discuss the performance of the proposed estimators for cooperative
localizations for grid-based deployment and random-based deployment shown in Figure 5
and Figure 6. In this section, geophones assumed to have full connections with neighbor
geophones and gateways within the cluster. The estimators that are used for cooperative
localization are: MLE and SDP. WLS estimator cannot be used for cooperative localization
since the model in (23) will be nonlinear if measurements between geophones included.
SDP estimator in (39) is a convex optimization technique that converge to the global
minima without initialization. However, MLE estimator in (38) is nonlinear and
nonconvex. Therefore, initialization is required, and it is critical to the convergence to
correct solution. We used SDP estimation as an initialization point for MLE estimator.
MLE uses DE optimization algorithm as shown in Figure 12. The simulation parameters

used are shown in Table 4.

Table 4: Simulation Parameters of Cooperative Localization

Simulation Parameter Value
Average transmit power | 10 dBm
h; 0.8 (m)
h, 1.5 (m)
f 470 MHz
G, 1 dBi
G, 1 dBi
€ 3.0000 - 0.0038i
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Monte-Carlo simulations have been performed to observe the performance of the
estimators for both grid-based deployment and random-based deployment. These
estimators can be compared with CRLB which represents the minimum RMSE for any
unbiased estimator. Figure 15 and Figure 16 show the Root-Mean-Square-Error (RMSE)
verse the shadowing standard deviation (o). The RMSE is calculated based on 200 noise
measurements. The simulations results show that cooperation between nodes can enhance
the localization error tremendously. SDP estimator has the lowest accuracy performance.
However, it has the lowest computational complexity, and it does not require initialization
step. It can be shown in Figure 15 and Figure 16 that RMSE between the SDP and MLE
are close. It has been observed that RMSE is geometry dependent. The localization
performance for grid deployment in Figure 16 is better than random deployment in Figure
15. We observed that the RMSE values for some estimators got lower than CRLB due to
the fact that they are biased, and a limited number of measurements was considered.

Therefore, estimators cannot be lower bounded by CRLB [35].
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Figure 16: Cooperative localization performance for different estimators (Grid-Based Deployment)
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4.6.1 Effect of Cooperative Nodes on Localization Accuracy

In previous section, we observed that full cooperation between geophones can result in a
substantial localization error reduction. This section will study the effect of the number of
cooperative nodes on localization accuracy for grid-based deployment and random-based
deployment shown in Figure 17 and Figure 18.

Figure 17 and Figure 18 show that the effect of the number of cooperative nodes for
random and grid deployments, respectively. The number of cooperative nodes is varied
from 1 (noncooperative) until 10 (full cooperation). It is observed from both Figure 17 and
Figure 18 that the number of cooperative nodes plays a major rule in localization accuracy.

Furthermore, the RMSE values can be lower than CRLB since the estimators are biased.

16
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Cooperative Nodes
Figure 17: Effect of the number of cooperative nodes on localization accuracy (Random Deployment)
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Figure 18: Effect of the number of cooperative nodes on localization accuracy (Grid Deployment)

4.6.2 Effect of Connections on Localization Accuracy

In subsection 4.6.1, we observed that the number of cooperative nodes can enhance the
localization performance. It was assumed that each geophone is connected to all nearby
gateways withing the cluster, while the number of connected geophones varied from 1-10.
However, in seismic survey areas, it might occur that a set of geophones cannot make
connection with any gateway due to obstacles between geophones and gateways.
Therefore, we will study the effect when geophones are connected to the closest nodes,
whether geophones or gateways. The number of connections will be varied from the closest
4 nodes to all nodes. It can be seen that it is possible to have a decent localization
performance even if not all geophones are connected to the gateways within the cluster. It
can be seen from Figure 19 and Figure 20 that the performance is stable when the number

of connections exceeds 8.
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4.6.3 Effect of Antennas Heights on Localization Accuracy
Two-Ray pathloss model is an accurate model for seismic survey acquisition. This model
is dependent on the antennas’ heights and gains, carrier frequency and complex permittivity

of the ground, as discussed in subsection 1.5.2. The received signal strength experiences a
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severe constructive/destructive interference from the reflected wave when the distance

between nodes d is less than the critical distance d.. The critical distance is given by

d, = (46)

Therefore, the height of geophones (h;) and gateways (h,.) can affect the localization
accuracy when h; and h, result d. > d. This section will study the effect of antennas
heights for grid-based deployment and random-based deployment shown in Figure 5 and
Figure 6. In Figure 21 and Figure 22, shows the localization performance using numerical
simulations. The RMSE is calculated based on 500 noise realizations. The simulation

parameters are shown in Table 5.

Table 5: Simulation Parameters for the Effects of Antennas Heights on Localization Accuracy

Simulation Parameter Value
Average transmit power | 10 dBm
h; (20 to 100) % of h, (m)
h, 1.5 (m)
2.5 (m)
3.5 m(m)
f 470 MHz
G, 1 dBi
G, 1 dBi
€ 3.0000 - 0.0038i
Shadowing standard | 4 dB
deviation

As can be shown in Figure 21 and Figure 22, as the geophones’ antenna heights decrease,
the localization performance enhance. The fluctuation in the performance is caused since
the critical distance is higher than the distance between nodes d. > d. At small gateways’
heights i.e. (h, = 1.5 to 2.5m) the localization performance is more stable than at
relatively higher heights i.e. (h, = 3.5 m). The fluctuation experienced more in grid

deployment since the number of close nodes is higher than random deployment.
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4.6.4 Effect of Antennas Gain on Localization Accuracy

As discussed earlier, Two-Ray pathloss model provide an accurate model for seismic
survey acquisitions. One of the parameters that can affects the localization accuracy is the
gains of antennas G, and G,.. The antennas’ gains are critical especially in the case when
the transmitted power is unknown since the estimated power uncertainty will increase. This
section will study the effect of antennas gain on localization accuracy for grid-based
deployment and random-based deployment shown in Figure 5 and Figure 6. The simulation

parameters are shown in Table 6.

Table 6: Simulation Parameters for the Effect of Antennas Gain on Localization Accuracy

Simulation Parameter Value

Average transmit power 10 dBm

h; 0.8 (m)

h, 1.5 (m)

f 470 MHz

G, 0.5-3 dBi

G, 0.5-3 dBi

€ 3.0000 - 0.0038i
Shadowing standard 4dB
deviation

Figure 23 shows the numerical simulation for the localization accuracy by changing the
antennas gains. The RMSE is calculated based on 500 noise realizations. As shown in
Figure 23, the localization performance increase as both G; and G, increase up to a specific
gain, but then decrease due to increasing antenna gain even though there is an uncertainty

of the node location and transmitted power.
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Figure 23: Effect of antennas gains on localization accuracy (Grid and Random Deployments)

4.6.5 Effect of Carrier Frequency on Localization Accuracy

This section will study the carrier frequency effect on localization performance. The carrier
frequency is the inverse of the wavelength (f = 1/A). The wavelength A can affect d.. in
(46) as d, is directionally proportional to f. Therefore, increasing d,. is not desirable due
to the constructive/destructive interference cased when d. > d. The simulation parameters

are shown in Table 7.

Table 7: Simulation Parameters for the Effect of Carrier Frequency on Localization Accuracy

Simulation Parameter Value
Average transmit power 10 dBm
h; 0.8 (m)
h, 1.5 (m)
f 500-1000 MHz
G, 1 dBi
G, 1 dBi
€ 3.0000 - 0.0038i
Shadowing standard 4dB
deviation
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Figure 24 shows the numerical simulation for localization accuracy for grid-based
deployment and random-based deployment shown in Figure 5 and Figure 6. The RMSE is
calculated based on 500 noise realizations. As shown in Figure 24 the localization error

increase as the carrier frequency increases.
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Figure 24: Effect of carrier frequency on localization accuracy (Grid and Random Deployments)
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CHAPTER 5
Time of Arrival Localization Techniques for Seismic

Surveys

In this chapter, we will discuss different TOA localization methods. Throughout this
chapter, perfect synchronization will be assumed and NLOS mitigation technique will be

discussed.

5.1 Introduction

Time of Arrival (TOA) localization technique is the method of localization where the
ranging techniques used is the traveling time of signal between nodes [42], [43]. TOA
localization tend to have higher accuracy than RSSI localization [16]. In RSSI localization,
the shadowing and multipath effects can attenuate the signal heavy [12]. This can result a
large localization error since the received signal strength is the ranging technique used.
TOA localization, has similar localization principle with RSSI localization where it
requires three noncolinear gateways in order to estimate the location [7]. In contrast, TOA
localization does not estimate the distance between nodes based on the received signal
strength. However, it utilizes the traveling time of the signal between nodes to estimate the
distance and hence the location. Therefore, shadowing and multipath cannot affect the
localization accuracy as long as the signal exceeds the receiver sensitivity threshold and
can be decoded correctly. However, this localization accuracy enhancement come with a
cost. In TOA, nodes need to be synchronized accurately to estimate the distances. The
synchronization error will increase in a localization error [30]. Nodes’ synchronization

adds a computational complexity and energy overheads to the WSN. This what makes
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RSSI preferable in WSN since geophones are limited in term of energy and processing
capabilities. In addition to synchronization error, non-line-of-sight (NLOS) error can occur
when there is no line-of-sight (LOS) between nodes which results a longer signal

propagation time and hence localization error [30].

5.2  System Model

We will adopt the same notations conventions used in earlier chapters. Therefore, let i and
j be the indices of i*" gateway and j*"* geophone where i € C and j € £. C is the set of
indices of gateways, C= {1,2,...,M}; and L is the set of indices of geophones, £ =
{1,2,...,N}. Furthermore, let A; and B; be the set of indices of gateways and geophones
connected to geophone j respectively, suchthat A; € C and B; € L. Lety = [y, N o L

x = [xq,...,xy]7 be the set of the gateways and geophones 2-D coordinates respectively
where y; = [a;,b;]" and x; = [x-,yj]T € R2. In this chapter we will consider only
cooperative localization since noncooperative localization is a special case when B; = @.
Let r;; be the measured distance between jt" geophone and i* node. Therefore, r; jisgiven

by

t::
Ty = i€A; UB, (47

where ¢;; is the signal propagation time between node i and node j , ¢ ~ 3 X 108 is the
speed of light [30]. Therefore, r;; can be represented in a different form as follows
rij = dl] +n for LOS (48)

T';i = dl] + bU +n for NLOS (49)
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where n~N(0,0?), b;; = 0. b;; is the bias caused by NLOS additional distance

[20]. d;; is the Euclidian distance between the nodes, which is given by

2 2 50
dijz\/(xj—ai) + (v — b) LEA; G0

nj = \/(x]- ~ )"+ (3= m)’ m € B;

where the Additive-White-Gaussian Noise (AWGN) n is due to thermal noise at receivers.

5.3 Line-of-Sight Localization

In line-of-Sight (LOS) environment, all nodes are assumed to have a LOS between each
other. In LOS localization, we will use the same estimators that has been used for RSSI
based localization, which are: Maximum Likelihood Estimation (MLE), Semidefinite

Programming (SDP) and Weighted Least Square (WLS).

5.3.1 Maximum Likelihood Estimation
Maximum Likelihood Estimation (MLE) is considered which approaches the CRLB

asymptotically. From (48) the MLE for cooperative TOA localization is defined as

_ 1 2
Y = ar minz Z —|r;; — d;;
2, 2, sl =
JEL i€AjUB;j
The model is non-convex and nonlinear. Therefore, nonlinear estimator needs to be used.

As has been done with RSSI MLE, DE optimization was used. We will use the same

optimization technique for (50).

5.3.2 Semidefinite Programming (SDP)
Semidefinite Programming (SDP) is a convex optimization tool that is known for its

simplicity, robustness and fast convergence toward the global minima [44], [45]. The MLE
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objective function (50) can be modified in order to make it convex. This can be done by
using the epigraph method. Therefore, by introducing the auxiliary variable z = xTx and
t;j, (50) can be written as

1
minimize — t;;
[x,z,hij,di]-,tij] 2 Z 0-2 Y (52)

JEL iEAjU Bj

subject to
tij = hij —r;dy i €EAj UB;
R EAY e
hij = [eio—zej]T [I; )zc] [eio—zej] LeB
HR

1 X
L& 5] = 0w

where e; is a vector of zeros except at the jt" entry is a one. In order to make (52) convex,

the last two equality constrains can be relaxed into inequality constrains as follow.

hij dij .
[dl] 1 ] ? 02 IS Aj

1 X
2 7] > on
Z

X

Therefore, now we can use SDP to solve (52) after relaxation [46], [47].
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5.3.3 Weighted Least Square
Weighted least Square (WLS) is characterized by its simplicity and low complexity [48].

WLS for TOA localization will be discussed in this section. Let ; = [x],s;], where s =

ijx]-. Then (48) can be written in an alternative for as follows

0; = h; + ¢;; (53)
where
G, = l[z)’iT - 11', h; = I[}’iTYi:— Ti%']l, € = Lu]l (54)
N A R B

(53) is in a linear form. Therefore, WLS estimator can be used to estimate 8;. LLS for
(53) is given by
8, = (6,"W,6)) " 6, W;h, (55)

where W; = o La,)-

5.4 Non-Line-of-Sight Localization

In Non-of-line-of-Sight (NLOS) environment, some nodes might not have a direct LOS
between each other. Therefore, signal propagation time will be larger than the case of LOS.
This additional propagation time will cause an estimation error. In the literature, most of
the NLOS localization techniques rely on the fact that the nodes can distinguish NLOS
from LOS [30], [49]-[51]. This might not practice in real scenario. Therefore, this section
will discuss the analysis of NLOS localization by assuming all nodes have NLOS
connection with each other. For NLOS localization, MLE derivations will not be possible

due to the presence of the positive bias b;;, which has unknown distribution. Therefore, we

j!
will use the nonlinear WLS for NLOS localization. The nonlinear WLS can be relaxed into
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a convex optimization problem and solved by SDP estimator. The analysis will be

discussed in the next section.

5.4.1 Semidefinite Programming
In this section, the derivations for nonlinear WLS will be discussed. Then, the nonlinear
WLS can be relaxed into a convex optimization problem and solved by SDP. From (49),
by squaring both sides of the equation, this will result in the following
r? = (dyj + by +ny)”
=d} +c;j + €+ nj; (56)

where €;; = 2n;;(d;; + b;j), ¢;j = b + 2b;;d,;. For sufficiently small noise nf; can be
neglected. Therefore,

it e db o +eg (57)

Therefore, we can estimate the unknown parameters using WLS as follows

c . 1 * 2 2
minimize E E — (Tij - dizj - Cij) (58)
[xpbi] & L Wy
JEL i€AjUB;
subject to

* 2 2
rij +ul] F dl]

-2 2
where w;j = (dij + bij) o2~ ri’;zo-—z, w;j = 2\/4‘(dij + bij) 02 ~ 2 /4— 7'1."]‘,20'2
By introducing the auxiliary variable z = xTx and relax the equality constrains into
inequality constrains, the cooperative SDP is defined as

o 2 2
minimize z Z (rij —h;j + cl-j)
[x.2,hij,05] bmd
JjeL lEAj U Bj
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subject to

yi1' (1, x|[Yi .
h = 2o [ 5[ e

_ 02 T 12 X 02 .
hij = [ei - ej] [x z] [ei - ej] LEB

I, Xi—Yi o
%2 7 02 1 € A]
Xi—yi T tu
I, x .

[x"; Z] > Opiz Cj > 0i€EA; UB; (59)

5.5 Cramér Rao Lower Bound Derivation

Cramér-Rao Lower Bound (CRLB) is defined as the lower limit of the variance of any
unbiased estimator. It provides an insight about the estimators performance for different
number of gateways and geophones [52]. In this section, the CRLB for TOA localization
with unknown transmitted power will be derived. The CRLB main derivations for both
RSSI and TOA are similar since the added noise is Gaussian and therefore their maximum
likelihood functions will be similar. Let ¥ = [x], then the log ML function is defined as

Inp(r,¥) =k —o*(u@) - " (u@) — 1) (60)

()
na) = @) |, @) = |1

() © TI€AjUB,
p=I1il rj:l[rijl
erJ . iEAjUBj
,uij = dl]
Therefore, the CRLB for  is defined as
CRLB(Y) = diag(J™* () (62)
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where J(3p) is the Fisher information matrix

1) = [6 Inp(r, 1[1)] [6 Inp(r, 1/)) S2TE
[ 1
aﬂ(lp) |[ ] |fl]
[ J [ . JLEAJ-UB]-
_ a:ul} (1/)) a.uij (IIJ)
fij N ax] ’ ayj

Ouy (W) _0dy  opy (W) _ 0dy

adu _ —(ai —x])

0di; _ —(bi—y))
dy; di;

adij _ —(Yi - Yj)
dy; d;j

5.6  Numerical Results and Discussion

(63)

(64)

(65)

This section will study the TOA localization performance. In this chapter, we will consider

only cooperative localization since noncooperative localization is basically a special case

when B; = @. Furthermore, only LOS will be considered since in it is the case in land

seismic acquisition. TOA model in (51), (52) and (53) does not depend on the antennas’

heights or gains. Furthermore, the carrier frequency does not affect the localization

performance. Therefore, their effects will not be studied in this chapter.
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5.6.1 Effect of Cooperating Nodes on Localization Accuracy

This section will study TOA localization and the effect of the number of cooperative nodes
in localization accuracy for grid-based and random-based deployments as shown in Figure
25 and Figure 26. It can be shown in Figure 25 and Figure 26 that the effect of the number
of cooperative nodes for grid and random deployments, respectively. The number of
cooperative nodes is varied from 1 (noncooperative) until 10 (full cooperation). It can be
shown from Figure 25 and Figure 26 that the number of cooperative nodes plays a major
rule in localization accuracy. SDP outperformed MLE even when MLE initiated by SDP
solution. In term of optimization, MLE has lower objective function value than SDP.
However, due to the AWGN, the global minimum might not result in the correct solution.
The difference between the global minima and the correct solution depends on the level of

the AWGN.
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Figure 25: Effect of the number of cooperating nodes on localization accuracy (Grid-Deployment)
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Figure 26: Effect of the number of cooperating nodes on localization accuracy (Random Deployment)

5.6.2 Effect of Connections on Localization Accuracy

In the previous section, it was seen that the number of cooperative nodes can enhance the
localization performance. It was assumed that each geophone is connected to all nearby
gateways withing the cluster, while the number of connected geophones varied from 1-10.
However, in seismic survey areas, it might occur that a set of geophones cannot make
connection with any gateways due to obstacles between geophones and gateways.
Therefore, we will study the effect when geophones are connected to the closest nodes,
whether geophones or gateways. The number of connections will be varied from the closest
4 nodes to all nodes, which is full cooperative. It can be seen that it is possible to have a
decent localization performance even if not all geophones are connected to the gateways
within the closer. It can be seen from Figure 27 and Figure 28 that the performance of the

estimators enhances as the number of connections increase.

61



5.5

| —o--SDP
. —>—- MLE
AN
5F N
N
.
E 455 I
LIJ AN ‘K‘\
7)) > h
= .. I e T e
Z 4 &\\ o
\~®\\\
35r TO—-— TS
———— e
O -5
3 | ‘ | | | | | |
5 6 7 8 9 10 11 12 13

Number of Connections
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5.6.3 Noncooperative vs Cooperative Localization
In this section, we will discuss and compare noncooperative localization with cooperative

localization. As can be shown in Figure 29 and Figure 30, cooperative localization can
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significantly enhance the localization performance. This is due to the increase of the
number of measurements which will result in accurate positioning of geophones.
Cooperative localization will add a complexity in the localization process. However, its
advantages overweight its additional complexity. For instance, in a grid-deployment
network under shadowing of 4 dB standard deviation, the cooperative localization with
SDP has RMSE of around 2.6 m, while using SDP in noncooperative localization results
in RMSE of 13 m. The accuracy deteriorates even more if we use the WLS technique in
noncooperative localization at same shadowing conditions leading to an RMSE of 30 m.
Hence, cooperative localization can improve the accuracy by 80% compared to the

noncooperative case and by 91.3% compared to WLS under the grid-deployment.
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Shadowing SD (dB)
Figure 29: Performance comparison between noncooperative and cooperative RSSI localization (Grid
Deployment)
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Similarly, if the geophones are randomly deployed in the survey area the RMSE
comparisons for the various localization techniques are shown in Figure 30. At shadowing
with standard deviation of 4 dB, the SDP cooperative localization has an RMSE of around
4 m, while using SDP in noncooperative localization it results in loss of accuracy and
RMSE is 10 m. This indicates an improvement of 60% in the localization accuracy when
cooperative technique is implemented compared to the noncooperative case. Such
improvement variation depends on the deployment of the network, and the cooperative
localization always provide an improved accuracy. This improvement is substantial

compared to the WLS in noncooperative setup which reaches 92%.

80 ¢
—<— SDP (Noncooperative)
70 | ¢ MLE-SDP (Noncooperative)
WLS (Noncooperative)
60 —&— SDP (Cooperative)
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E 50
W40+
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(0 d 30 -
20
10 - -
0 ?/T’/’-\:/ | | |
1 2 3 4 5 6

Shadowing SD (dB)

Figure 30: Performance comparison between noncooperative and cooperative RSSI localization (Random
Deployment)

5.6.4 TOA vs RSSI Localization

ToA localization can provide better accuracy compared to RSSI localization. However,

this comes with the expense of adding a computational and energy overhead in the WGN
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due to the need of accurate synchronization between all elements in the network. Figure
31 and Figure 32 show a comparison between RSSI cooperative localization and TOA
cooperative localization. It is clearly shown that TOA can provide better performance
compared to RSSI localization. The gap can be seen clearly in Random topology. RSSI has
a low complexity since it does not require synchronization; yet it provides a comparable
performance to TOA localization. Specifically, at shadowing level of 4 dB, the RMSE in
the cooperative SDP with RSSI is around 4.25 m, while it is 2.5 m in cooperative TOA
localization. This indicates an improvement of 41.1% which is comparable given the

complexity and synchronization associated with TOA localizations in general.

12 ¢

—4— SDP (RSSI)
MLE-SDP (RSSI)

—— SDP (TOA)

—0— MLE-SDP (TOA)

10 -
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Figure 31: Performance comparison between cooperative RSSI and TOA localization (Grid Deployment)
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Figure 32: Performance comparison between cooperative RSSI and TOA localization (Random Deployment)

5.6.5 Two-Ray vs Log-Distance Propagation Models

In this section, we will discuss and show a comparison between localization using Two-
Ray propagation model and Log-Distance propagation model. Log-Distance propagation
model is a generic model and simple. It is widely used since it captures the signal
propagation pattern for large range of environments. However, in WGN the signal
experience strong interference from ground reflection due to small antennas size, which
might affect the signal strength heavily. Therefore, Two-Ray Model is suitable for this
environment. Figure 33 and Figure 34 show the localization performance for the proposed
estimator using Two-Ray and Log-Distance propagation models. We can clearly see that
the performance using Two-Ray propagation models is different than Log-Distance

propagation model for both grid and random deployments. This is due to the fact that Two-
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Ray propagation model accounts for the ground reflection effect, carrier frequency,

antennas heights and gains in the localization process.
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Figure 33: Performance comparison between cooperative RSSI localization using Two-Ray and Log-
Distance propagation models (Grid Deployment)
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Figure 34:Performance comparison between cooperative RSSI localization using Two-Ray and Log-Distance
propagation models (Random Deployment)
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CHAPTER 6

CONCLUSIONS AND FUTURE WORK

This thesis discussed the localization techniques in wireless geophone networks for
high-density seismic acquisition. The pathloss models in the literature are inapplicable
to the geophones in a realistic seismic acquisition surveys due to ground reflection
dominant multipath component. Therefore, the aim in this thesis is to tackle the
inaccuracy of the pathloss model in the literature and provide a comprehensive analysis
of localization performance using the proposed pathloss model, i.e. Two-Ray Pathloss
model. Unlike most of the localization analysis and techniques, this thesis proposed
RSSI localization techniques without a prior knowledge of the transmitted power at

geophones.

We discussed the noncooperative localization, which is the classical method of
localization, then the model was extended to cooperative localization without the
knowledge of the transmitted power at geophones. Different location estimators were
proposed, and different optimization methods were used. The performance of the
estimators was investigated both theoretically and through simulations. It was shown
that cooperative localization has a great impact on the localization accuracy.
Furthermore, it was shown that as the number of cooperative nodes increases the
localization accuracy increases. The scenario when a set of geophones cannot be
connected to gateways was studied and the localization performance was satisfactory,

and it was comparable to the cooperative case. The other parameters of the WGN such
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as the antennas’ heights and gains and the carrier frequency were investigated and it
was found that these paraments can affect the localization performance and hence by
proper selection of these parameters, localization performance can be enhanced
substantially. Finally, the analysis of TOA localization was studied under both
assumptions of LOS and NLOS. It was shown that TOA can have a better accuracy,
however, this will come with a complexity overhead on the whole WGN since accurate

synchronization is needed.

Future Work

We discussed in this thesis noncooperative and cooperative RSSI localization with
unknown transmitted power using Two-Ray propagation model and showed the effect
of pathloss parameters on localization accuracy. This model is suitable for near-ground
signal propagation. The proposed models provide accurate energy-efficient
localization methods. We plan to extend the accomplished work and enhance the
localization performance by incorporating different ranging techniques such as TOA,
TDOA and AOA with RSSI. Furthermore, multiple smart geophones, which are
equipped with GPS capabilities, can be deployed to support the gateways in the
localization process and enhance the localization performance. Finally, different
simplified pathloss models, such as multi-slope pathloss model, can result in a
simplified objective function for the localization and hence less computational

complexity.
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APPENDIX

APPNEDIX A: Semidefinite Programing Relaxation Derivations

Let A; and B; be the set of gateways and geophones connected to jt" geophone
respectively, suchthat A; € C and B; € L. Lety = [y, ..., ¥u]", x = [x4, ..., xy]" be the
set of the gateways and geophones 2-D coordinates respectively where y; =
[a;, b;]" and x; = [xj,yj]T €R?  Let pg=[PoyPy; ...,PON]Tdenote geophones’
transmitted power (in dBm) respectively. The received signal strength (in dBm) at it"

gateway from j* geophone is given by

;
lij XU+XU

A .
Pij:P0j+20]og<[E]x )+n i €A UB; (66)

When d is relatively large, x +x' = Ll = d, 8 = 0, G, = G,, and R = —1, then (66) can
be simplified into the following pathloss model

P;; = Py; + 101l0gy(G,h?hZ) — 40logyo(d;;) + n i€A;UB; (67)
By rearranging the terms and dividing both sides by 20 and taking the power of 10 on both

sides (67) can be written as follows

n

Y, X hyj = ag; X 102 i€AjUB; (68)
For sufficiently small noise, the right-hand side of (68) can be approximated using the

first-order Taylor series expansion as
YIJXhUZCZO]'l'E] lEA]UB] (69)
P

Y Poj ) ) )
whereY;; = 1020, ay; = +/G,.h.h,. 1020, h;: = d? and €; is the is a zero-mean Gaussian
ij 0j rittlitr i ij J

] . ] agiln10 2
random variable with variance (‘”T a)
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dfj = J(xj ~3) + (=) ies; (71

Noncooperative Semidefinite Programing

T 2 25, (et ) o

subject to
hij =yly: + x]-Tx]- - 2yl x; i€h; (73)
The objective function (72) is convex. However, the constraint (73) is not convex since
the left-hand side is an affine expression and the right-hand side is a quadratic expression.

By introducing an auxiliary variable z; = ijxj the constraint in the above equation can be

written as follows

N 2 ,
ninimize ¥je; Yiea;us (i) % hyj — aqj) P€EA;  (74)
subject to
Zj = X! X; (76)
j = XX

the constraint (75) is convex now, however (76) is not since the left-hand side is an
affine expression and the right-hand side is a quadratic. By relaxing the equality constraint
(76) into inequality, the problem will be a convex optimization problem, which can be

written as follows

0 . . 2 [

minimize E E (Y X hyj — an) LEA; (77)
x,,hij,zi,aoj - .

jEL lEAj U Bj
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subject to

Zj > Xij (79)

The constraints can be written equivalently as LMI as follows

minimize Z(Y” X h; — “01) i €A

xzha
JJ UM 0] lEA

subject to
b :[yi]T yi] iEA
b1 -1 J
12 xj
> | € A
<z 0; i €A; (80)
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Cooperative Semidefinite Programing

mlmmlze Z 2 (Y- X hjj— aoj)z i €EA; UB; (81)
[ oj] JEL i€AjUB;
subject to
hij =ylyi+z— 2yl x; i€d;  (82)
hij = x]x; + x]-Tx]- — 2x] x; i€B; (83)

The objective function (81) is convex. However, the constraints (82) and (83) are not
convex since the the left-hand side is an affine expression and the right-hand side is a
quadratic. By introducing an auxiliary variable z;; = xl-ij the constraints in the above

equation can be written as follows

minimize Z z (Y X hy; — “oj)z LEA UB; (g4)
x,zij,hij,aol
JEL (€A;U Bj
subject to
hij = Y1y +zjj — 2y] x; Lea;  (85)
h'ij = Zj; + Z]] - ZZij [ € B] (86)

the constraints (85) and (86) are convex now, however (87) is not since the left-hand
side is an affine expression and the right-hand side is a quadratic. By relaxing the equality
constraint (87) into inequality, the problem will be a convex optimization problem. Which

can be written as follows
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2
minimize Z 2 Y;i X h;; — ap;
(24, hjto| ( ij ij J)

JEL i€EAjUB;
subject to
hij =Y yi + zj; — 2y x
hij =z + zj; — 225

T
Zij = X; .x]'

The constraints can be written equivalently as LMI as follows
fa s 2
minimize ¥ e, ZieAjqu(Yij X h;j — aoj)

x,z,hi]-,aoj

subject to

P T'rr, x)[ Vi
U6 xT Zl178
W — 0, 1"[I, «x 0,
b [ei_ej] [xT z] [ei_ej]

I, x]
=0
[xT z 7~ YN+2

i€A; (89)
i €B; (90)

i€A; UB; (91)

i €A UB;

(92)

where z = x™ xand e; is a column vector with zero elements except the j** element which

equals 1.
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