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Oil and gas companies consider transforming conventional cable-based seismic acquisition 

to wireless as a promising step for cost and weight reduction in reservoir exploration. 

Wireless seismic exploration requires many wireless geophone (WG) sensors to be 

deployed in the field of acquisition. The geographical locations of the WG sensors must be 

known when processing the collected data. The application of direction of arrival (DOA) 

estimation helps in localizing WGs and improves received signal level through beam 

steering and interference avoidance. Conventional DOA algorithms require high 

computational complexity which renders them inefficient for real-time response. In this 

thesis, a deep neural network (DNN) is proposed for DOA estimation of WGs at a wireless 

gateway node (WGN) under different channel conditions. The estimated angles and 

corresponding coordinates of WGNs are used in least square estimation (LSE) to localize 

the WGs. The simulation results depict reasonable estimation and position accuracy. 

Keywords—Deep neural network, DOA estimation, least-square location estimator, 

wireless gateway node, wireless geophone, wireless seismic acquisition.   
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 ملخص الرسالة

 
 

 كبير ناصر علي :الاسم الكامل
 

 زلزالياتجاه الوصول باستخدام التعلم العميق مع التطبيق على الاستحواذ التقدير  :عنوان الرسالة
 

 الهندسة الكهربائية التخصص:
 

 م2020أبريل  :تاريخ الدرجة العلمية
 

كخطوة  ةلاسلكيأنظمة إلى  المستخدمة في التحصيل السيزمي الأنظمة السلكية استبدال إلىالغاز وشركات النفط  تتطلع

. يتطلب النفط والغازفي استكشاف  الأدوات المستخدمة وزن وتخفيف للنفط، الاستكشافيةالرحلة  واعدة لتقليل تكلفة

أماكن في  (WG) الجيوفونات اللاسلكيةالتي تسمى بمستشعرات الالاستكشاف السيزمي اللاسلكي نشر عدد كبير من 

. السيزميةمعالجة البيانات حين تتم معروفة  اللاسلكيةجيوفونات للية أن تكون المواقع الجغرافكما يتطلب الاستكشاف. 

 اللاسلكي للإشارات تجنب التداخلاللاسلكية والجيوفونات  تحديد أماكنفي  (DOA) الإشارة وصول تجاهايساعد تقدير 

 DOA تقدير ت. تتطلب خوارزمياالسلك الهوائي إلى المصدروتحسين مستوى الإشارة المستقبلة من خلال توجيه 

تم اقتراح شبكة  الرسالة. في هذه المباشرة الاستجابةفي حالات مما يجعلها غير فعالة  عالٍ جداً،التقليدية تعقيداً حسابيًا 

 (WGN) اللاسلكية اتالبواب المستقبلة من الجيوفونات اللاسلكية عند للإشارات DOA لتقدير ((DNN عصبية عميقة

من الشبكة العصبية العميقة بالإضافة إلى  المقدرة الوصول زاوية كما تم استخدام. مختلفة قنوات اتصالتحت ظروف 

أبدت . نتائج المحاكاة أماكن الجيوفونات اللاسلكيةتقدير ( لLSEصغر )التقدير المربّع الأ اللاسلكية فيالبوابة  إحداثيات

 .في تحديد أماكن الجيوفونات اللاسلكية مناسبة ودقة تقدير

،  ة لاسلكي، بوابالمربعّ الأصغر الموقع مقدر ،زاوية الوصول شبكة عصبية عميقة، تقدير —المفتاحيةالكلمات 

 .التحصيل السيزمي اللاسلكي ،لاسلكيجيوفون 
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1 CHAPTER 1 

INTRODUCTION 

1.1 Overview 

Seismic acquisition is a process that is usually employed by minerals, oil, and gas 

companies to obtain the image of the earth’s sub-surface and identify new reservoirs. 

However,  a large number of about 1000 − 2000 𝐺𝑒𝑜𝑝ℎ𝑜𝑛𝑒𝑠/𝑠𝑞𝑘𝑚 covering an area ≥

40 𝑠𝑞𝑘𝑚 for measuring seismic signals leads to great challenges. Some of these challenges 

are; the huge weight of the cables and the cost of exploration associated with traditional 

cable-based acquisition [1]. Companies are transforming from cable-based to wireless 

seismic acquisition to reduce installation and maintenance costs. Different architectures of 

wireless acquisition are used to replace the conventional cable-based system.  

Locating wireless geophone (WG) in wireless seismic architecture is particularly important 

for imaging and communication purposes. The most widely used localization system is the 

global positioning system (GPS) but it is not applicable in obstructed environments like 

foliage, and it is usually associated with high power consumption, hardware cost, and it is  

prone to error of about ~3.7 𝑚 away from the actual position [1], [2]. The basic localization 

methods are; time of arrival (TOA), time difference of arrival (TDOA) and angle of arrival 

(AOA) or direction of arrival (DOA) estimation [2]. DOA and positioning estimation have 

a wide range of applications such as medicine, radar, sonar, and mobile communications. 
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There are many algorithms for DOA estimation, this includes maximum likelihood, 

beamforming, spectral estimation, Bartlett, Capon, ESPRIT, Min-norm, MUSIC [3], and 

machine learning [4]. The estimated DOA can be used to estimate the position of geophone 

sensors using the least-square estimation method which requires two or more reference 

coordinates [5]. 

Machine learning has a simple model with a function like a biological network that copies 

the capability of a human brain in executing a neurological process.  Machine learning 

receives a lot of attention because of high efficiency in executing tasks with real-time 

response and a wide range of applications such as image processing, voice recognition, 

video surveillance, email spam, and malware filtering and communications.  

This research focuses on DOA estimation applied to wireless seismic acquisition under 

different channel conditions for finding geophone location. The application of DOA would 

help in signal level enhancement through beam steering and interference avoidance. The 

deep neural network (DNN) algorithm is used for DOA estimation and the least-square 

location estimation (LSE) is used for positioning estimation. This helps the geophysicist in 

analyzing the image of the Earth’s subsurface. 

The remaining part of this chapter introduces the research contribution, motivation, 

objectives, and the chapter concludes with the thesis organization. 

1.2 Research Contribution 

This present work contributes to the research body that enables the migration to wireless 

seismic acquisition. We employed DOA and position estimation to localize WGs under 



3 

 

different channel models. DNN is used as the DOA estimation algorithm while the LSE 

algorithm is used for position estimation. To the best of our knowledge, this is the first time 

to consider DOA and position estimation in the context of seismic acquisition for estimating 

wireless geophone positioning. We have formulated the localization problem and decided 

on where and how to implement the DOA estimation. We also suggested sectoring to 

improve the estimation. We also demonstrated that the proposed structure achieves a 

reasonable accuracy of about 1 𝑚 with remarkably high probability. 

1.3 Motivation 

DOA estimation has numerous applications including beam-steering for received signal 

level enhancement, interference avoidance, and transmitter localization. In wireless seismic 

exploration, the rational is that, if the receiver WGN (wireless gateway node) estimate the 

DOA of the transmitting WG, additional data can be received by steering the array facing 

that specific angle. Moreover, the receiver (WGN) can avoid interference with another 

signal by directing its array away from an unwanted source. This would optimize the signal-

to-noise ratio (SNR). 

Knowing the DOA of the received signal can help the geophysicist in finding the position 

of the transmitter (WG) using LSE. The problem of position estimation in wireless seismic 

is challenging due to a large number of WGs and WGNs in the field of acquisition. The 

previous work in seismic acquisition has not addressed the issue of localization using DOA 

estimation.  The integration of machine learning for DOA estimation decreases the 

complexity in the estimation and allows for real-time application in the seismic acquisition. 
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However, the learning phase of DNNs involves extensive calculations but concedes low 

complexity and high resolution in the estimation. 

1.4 Objectives 

The detailed objectives of this research are enumerated as follows: 

1. To review different wireless sensor network architectures as applied to wireless 

seismic networks and perform review of DOA estimation based on the growing 

trends in machine learning. 

2. To formulate the DOA and positioning estimation problem in the context of 

wireless seismic acquisition. This includes understanding the challenges related to 

many deployed geophones, channel models, and the absence of wireless standards 

for the given application. 

3. To analyze the robustness of machine learning as an algorithm for DOA estimation. 

Specifically, we focus on (DNN). The analysis is based on simulations and the use 

of probability of correct detection, root means square error (RMSE), and other 

possible metrics as evaluation criteria. 

1.5 Thesis Organization   

The outline of this thesis is as follows. Chapter 2 contains the technical background which 

includes seismic acquisition, channel modeling, DOA estimation, least-square location 

estimation, DNN, and performance metrics.  Besides, the chapter contains literature review 

on the wireless seismic acquisition and DOA estimation using DNN. Simulation of the 
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research work and results are presented in Chapter 3, while Chapter 4 contains the 

conclusions, a summary of results, and recommendations for future work. 
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2 CHAPTER 2 

TECHNICAL BACKGROUND 

This chapter reviews the needed technical background which includes seismic acquisition, 

channel modeling, DOA estimation, application of DNN for DOA, and positioning based 

on LSE. 

For the proper application of DOA and positioning estimation to the wireless seismic 

acquisition, we start by reviewing the geometric model for the distribution of geophones 

and wireless gateway nodes. This determines the number of nodes to be localized and the 

processing requirements. Next, we review the wireless communication technologies in 

seismic acquisition. Channel models and different algorithms for DOA and positioning are 

studied.  Finally, we focus on the application of machine learning on DOA estimation and 

the LSE. 

2.1 Seismic Acquisition  

Seismic acquisition is a process that is usually carried out by minerals, oil, and gas 

companies for identifying new reservoirs.  Other applications of seismic acquisition 

include fluid recognition, fracture prediction, and earthquake detection. This acquisition 

can either be cable-based or wireless. Seismic acquisition has two phases: shooting phase 

and data delivery phase. The former phase is where the seismic signal is generated along 

the vertical source line (SL) from one or more localized sources like dynamite or Vibroseis 

truck to propagate into the Earth’s sub-surface. As a result of the discontinuity of the 
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Earth’s sub-surface, the seismic waves reflect and refract as backscattered waves with 

different information measured by sensors (geophones). The geophones are deployed in 

horizontal receiver lines (RLs). The later phase is where the measured reflected wave is 

transmitted to the storage/processing unit to analyze the image of the subterranean [6]. The 

data delivery phase can be either cable-based or wireless as detailed in the following 

subsections. 

2.1.1 Cable-Based Seismic Acquisition 

In a conventional cable-based seismic acquisition, a seismic source generates seismic 

signals periodically every 4 to 12 seconds at different shooting locations spaced by 20 −

30 𝑚, and geophones record the reflected seismic signal every 6 to 8 seconds [7]. These 

signals are transmitted using telemetry cabling to the central processing unit in real-time 

transmission as shown in Fig. 2.1. 

For real-time telemetry, the received signal must be transmitted to the processing unit 

before the next shooting for quality control and validation of the shooting. Although the 

cable-based system allows for real-time telemetry, it comes with drawbacks. In addition to 

the installation time-delay and maintenance requirement, cabling costs up to 50% of the 

total exploration budget. Inflexible cables account for 75% of the total system weight [1]. 

These drawbacks motivate the introduction of wireless seismic acquisition. 
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Fig. 2.1 Cable-based seismic acquisition 
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2.1.2 Wireless Seismic Acquisition 

Wireless seismic acquisition has many advantages, among which are: easier deployment, 

and weight and cost reduction. This could result in higher productivity and enhance high-

resolution imaging. The main components of wireless seismic acquisition, as depicted in 

Fig. 2.2, are: 

 Wireless Geophone (WG) is an electronic device/sensor embedded with wireless 

transceiver for sensing, sampling, digitizing, and wireless transmission of measured 

seismic signals.  

 Wireless Gateway Node (WGN) is a network node that connects to different 

wireless geophones in the same sub-network. WGN has reserved identification 

numbers used by WGs for communication. Moreover, WGN can act as an 

intermediate hop for other WGNs to communicate with the central processing unit. 

 Storage/processing Unit: This is a central processing unit where all received data 

are stored and analyzed. 

In wireless seismic acquisition, a large number of wireless geophones are deployed in the 

field in the form of subnetworks. Each subnetwork has a single WGN coordinating a certain 

number of geophones as shown in Fig. 2.2. Different frequencies/channels are used in each 

subnetwork for wireless data transmission between WG and WGN. The WGN can also be 

connected to the central processing unit wirelessly. Researchers have proposed different 

network architectures, such as cluster-mesh [1] and star topology [8] for wireless seismic 

acquisition. Moreover, different communication technologies are proposed which provides 

high bandwidth for data transfer with the ability of synchronous recording from multiple 
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geophones. Proposed communication technologies are long-range communication such as 

Wi-Fi (IEEE 802.11g), and WiMAX (IEEE 802.16) or short-range communication such as 

Bluetooth (IEEE 802.15.1), and Zigbee (IEEE802.15.4) [1] while others proposed TV 

white space (IEEE 802.11af) [8]. 
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Fig. 2.2 Basic wireless seismic architecture 
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2.2 Wireless Seismic Acquisition Networks: A Literature Review  

Different wireless seismic acquisition networks have been proposed to replace the 

conventional cable-based system. Tian et al. proposed a star topology with 1024 resolvable 

WGs with a single WGN [9]. The authors in [10] used orthogonal geometry for 4707 WGs 

with 30 𝑚 interspacing in 22.5 𝑠𝑞𝑘𝑚. Similarly, Reddy et al. considered tessellating 

hexagonal cell geometry with an area of 72 𝑠𝑞𝑘𝑚 using 30 RLs, each RL has 480 

geophones making a total of 14400 WGs with single WGN per cell. The interspacing 

between geophones is 25 𝑚 along RL with inter-RL spacing of 200 𝑚 as shown in Fig. 

2.3 [8].  

Savazzi et al. assumed the number of WGs ranges from  1000 to 2000 per 𝑅𝐿 with an 

interspacing of 5 to 30 𝑚 [11], . Also, as shown in Fig. 2.4, 500 to 2000 𝑔𝑒𝑜𝑝ℎ𝑜𝑛𝑒𝑠/

𝑠𝑞𝑘𝑚 are placed in ideal regular lattice geometry in an area > 20 𝑠𝑞𝑘𝑚. The whole area 

is divided into several subnetworks, where each subnetwork coordinated by one WGN has 

~200 to 300 geophones with interspacing , ∆𝑥 of 0.5 𝑡𝑜 1 𝑘𝑚 in inline (horizontal) and 

∆𝑦 of 20 to 40 𝑚 in crossline (vertical) [6]. Moreover, Savazzi et al. studied the same 

geometry  with an extended area beyond 30 𝑠𝑞𝑘𝑚 per single acquisition [1], [12]. 

In another experimental development, [13] used 32 WGs with a single WGN to 

communicate with a central processing unit. In the same vein, [14] considered five 

geophones placed in series, the distance between the transmitter and the receivers was up 

to 500 𝑚. Moreover, [15] considered a multi-cluster heterogeneous network topology 

where two groups of geophones form two clusters to communicate to a central processing 

unit.  
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Fig. 2.3 Orthogonal deployment of geophones   
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Fig. 2.4 Wireless geophone network system architecture 
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When it comes to the specific communication technology, the authors of [9], [13], and [14] 

used Wi-Fi (IEEE 802.11g) technology between the WGs and storage/processing unit, 

while in [6], [11] Savazzi et al. proposed short-range communication technology (ZigBee, 

Bluetooth) between the WGs and the WGN within each subnetwork and long-range 

communication technology (Wi-Fi/WiMAX) between the wireless gateway node and the 

central processing unit as shown in Fig. 2.5. Similarly, authors in [1], [12] used the same 

communication technology as in [6], [11] but with the addition of cluster head inside 

subnetwork for coordinating leaf nodes (geophones), In which the WGN’s coordinate the 

cluster heads as shown in Fig. 2.5. Likewise, TV white space band (𝐼𝐸𝐸𝐸 802.11𝑎𝑓) was 

proposed for communication between the WG and the WGN [8] [16]. 
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Fig. 2.5 Wireless geophone network, cluster-mesh network architecture 
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2.3 Channel Model  

Different environmental factors such as free-space loss, scattering, reflection, refraction, 

or diffraction in the physical channel affect the quality of the transmitted signal from WG 

to WGN. To evaluate these channel effects on the transmitted signals, in [17], Alsayyari et 

al. predicted an empirical path loss model and performed comparative evaluation between 

the empirical path loss model and theoretical path loss model with the addition of a two-

ray model in the wireless sensors deployed in different terrain environments. Furthermore, 

[18] assessed the near-ground path loss for different communication technologies such as; 

short-range, medium, and long-range in wireless sensor networks using both theoretical 

and experimental data. Also, reference [19] evaluated the propagation model in wireless 

sensor networks for natural short and tall grassy terrain. The effect of path loss and two-

ray on the propagated signal was evaluated at different heights in a frosty environment 

[20]. The effect of ground reflection on the received signal in 𝑚𝑚-wave bands was 

evaluated by [21]. The path loss determines the power loss as a function of distance and 

environmental factors on the transmitted signal [22].  

2.3.1 Log-normal Shadowing 

The log-normal shadowing model determines the power loss as a function of distance and 

fading effect, expressed by: 

where 𝑃𝐿(𝑑)𝑑𝐵 is the log-normal path loss, 𝑃𝐿(𝑑0) is the path loss at a reference distance 

𝑑0 which is typically set to 1 𝑚, 𝑑 is the Euclidian distance between the WG and the WGN, 

 
𝑃𝐿(𝑑)𝑑𝐵 = 𝑃𝐿(𝑑0) + 10𝛾𝑙𝑜𝑔10 (

𝑑

𝑑0
) + 𝑋𝜎 

(2.1) 
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𝛾 is the path loss exponent and 𝑋𝜎 is a log-normal shadowing parameter which is Gaussian 

random variable with zero mean and variance 𝜎2 [19]. The shadowing effect can be ignored 

by setting the variance 𝜎2 to zero. The path loss at a reference distance 𝑑0 is expressed as 

where 𝜆 is the wavelength.  

2.3.2 Two-ray Model 

The two-ray model describes the effect of ground reflection on the received signal when 

the WG antenna and WGN antenna are in line of sight (LOS), both two antennas have the 

same or different height. This model considered both the LOS and ground-reflected signals 

at the receiving end as shown in Fig. 2.6. The use of the two-ray model in 𝑚𝑚-wave bands 

is described in [21] and it can be expressed as,  

where 𝑃𝐿(𝑑)𝑑𝐵 is the two-ray path loss, 𝜆 is the wavelength, 𝑑 is the distance between WG 

and WGN, Γ⊥ is the reflection coefficient and ∆∅ is the phase difference expressed in 

radian. If the height of the WG antenna ℎ𝑡 ≪ 𝑑 and ∆∅ ≈
4𝜋ℎ𝑡ℎ𝑟

𝜆𝑑
, Γ⊥ can be written as  

where the complex permittivity 𝜖 = 𝜖𝑟 −
𝑗𝜎

2𝜋𝑓𝑐𝜖0
, relative permittivity 𝜖𝑟 and conductivity 

𝜎 depend on the ground. The angle between the ground and the reflected signal is given as 

𝜃𝑟 = arctan (
ℎ𝑡+ℎ𝑟

𝑑
) [21], [23].   

 
𝑃𝐿(𝑑0) = 10 log10 (

16𝜋2𝑑0
𝛾

𝜆2
) 

(2.2) 

 
𝑃𝐿(𝑑)𝑑𝐵 = 20𝑙𝑜𝑔10 [(

4𝜋𝑑

𝜆
) |1 + Γ⊥𝑒𝑗∆∅|

−1
] 

(2.3) 

 
Γ⊥ =

𝑠𝑖𝑛𝜃𝑟 − √𝜖 − 𝑐𝑜𝑠2𝜃𝑟

𝑠𝑖𝑛𝜃𝑟 + √𝜖 − 𝑐𝑜𝑠2𝜃𝑟

 
(2.4) 
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Fig. 2.6 Two-ray model 
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2.4 Direction of Arrival (DOA) Estimation  

DOA estimation is a technique used for finding the direction of a received signal at a 

reference sensor array, typically from a far-field localized source as shown in  

Fig. 2.7. In this figure, the reference source is transmitting a signal 𝑔(𝑡) from a far-field  

distance ≫ 2𝐷2

𝜆⁄  to a linear array with 𝑀 elements, where 𝐷 is the aperture size of the 

antenna element and 𝜆 is the wavelength of the transmitted signal. The reference array can 

be a uniform linear array (ULA) or non-uniform array. For ULA, the spacing between 

neighboring elements is 𝜆 2⁄  and the difference in path length between adjacent elements 

is 𝜆 2⁄ 𝑠𝑖𝑛𝜃, where 𝜃 is the actual DOA. DOA estimation is usually performed with the 

following basic assumptions [3]: 

 Isotropic and linear transmission medium: meaning that the DOA of the 

received signal is not changing with the propagation property of the signal and 

received signal at any element of the array can be expressed as a linear 

superposition of signal wavefront transmitted by the sources.  

 Far-field assumption: meaning that the source of the signal is located far from the 

sensor array so that the wavefront of the transmitted signal is planar at the receiving 

end. This can be achieved by making the distance between the source and the 

receiver (array sensor) greater than 2𝐷2

𝜆⁄ . 

 Narrowband assumption: the frequency of the transmitted signal is the same as 

the carrier frequency meaning that the frequency of the transmitted signal resides 

in the surrounding of the carrier frequency. 
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 Uncorrelated AWGN channel: in this channel, the transmitted signal is assumed 

to be affected by complex white Gaussian noise with zero mean and variance of 𝜎𝑛
2. 

The received noisy signals at different array elements are uncorrelated. 

2.4.1 Major Sources of Error in DOA Estimation  

The accuracy of DOA estimation is affected by certain factors in the channel such as 

additive noise, shadowing level, and multipath. The error induced by the multipath channel 

is usually more harmful compared to the error caused by additive noise because of the self-

interference with the late-arriving signal. This late received signal can affect the overall 

received signal destructively or constructively which may decrease or increase the SNR of 

the inclined line of sight (LOS) signal. Strong multipath signals arrive soon after the LOS 

signal, and their cross-correlation inputs obscure the position of the LOS signal peak. 

In addition to the additive noise, shadowing level, and multipath, the accuracy of DOA 

estimation depends on the resolution of the search algorithm within the range of DOA and 

the number of snapshots i.e. the number of samples. 
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Fig. 2.7 DOA estimation using a uniform linear array antenna 
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2.5 Deep Neural Network  

A Deep Neural Network (DNN) is an ANN with an input layer, multiple interconnected 

hidden layers, and an output layer. The input and output are activated by an activation 

function. The activation function is a transfer function that controls the input and the output 

of the network through mapping so that the predicted value of a neuron is between 0 and 

1 or −1 and 1 depending on the selected function [24]. There are two types of activation 

function, linear and nonlinear activation functions. Some examples of activation function 

are rectified linear unit (𝑓𝑅𝑒𝐿𝑈), sigmoid (𝑓𝑠𝑖𝑔𝑚𝑜𝑖𝑑) and softmax functions. In this work, 

linear activation function is used in the output layer while sigmoid (𝑓𝑠𝑖𝑔𝑚𝑜𝑖𝑑) activation 

function is used in the first two hidden layers. The main reason why we use sigmoid 

function is because we have to predict the probability as an output. Since probability of 

anything exists only between the range of 0 and 1, sigmoid is the correct choice. A more 

compelling justification comes from information theory, where the sigmoid function can 

be derived as a maximum entropy model. Roughly speaking, the sigmoid function assumes 

minimal structure and reflects our general state of ignorance about the underlying model. 

Apart from the activation function, weight is an additional parameter of DNN which is a 

real number that determines the level of significance of connections between neurons. If 

weight is positive it shows reinforcement, negative weight shows inhibition, and zero 

weight means no or indirect connection. Another parameter of a neural network is a bias 

which is a constant unity input to a special node [25]. Fig. 2.8 shows a single layer (node) 

NN where each input 𝑞𝑚  𝑚 = 1,… ,𝑀 is multiplied with analogous weight 𝑤𝑙,𝑚 and 

summed up with a bias 𝑏𝑙 to produce output 𝑧𝑙, for 𝑙 = 1,2, … , 𝐿. The Activation function 
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𝑓 is applied to the output 𝑧𝑙 to produce the final output 𝑦𝑙 [26]. The output 𝑦𝑙 and the 

activation functions can be expressed respectively as 

 

𝑦𝑙 = 𝑓 (∑ 𝑤𝑙,𝑚𝑞𝑚 + 𝑏𝑙

𝑀

𝑚=1

) = 𝑓(𝑧𝑙) 

(2.5) 

 
𝑓𝑠𝑖𝑔𝑚𝑜𝑖𝑑(𝑧𝑙) =

1

1 + 𝑒−𝑧𝑙
 ,    𝑓𝑅𝑒𝑙𝑢(𝑧𝑙) = max (0, 𝑧𝑙) 

(2.6) 
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Fig. 2.8 Single layer NN and activation functions 
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2.5.1 Type of DNN Based on Neuron Arrangement 

DNN can be classified based on neuron arrangement as feed-forward (FF) NN or recurrent 

neural network. FFNN is a stable and straight forward neural network in which neurons 

are interconnected to each other without feedback (loop) and training data flows in only 

one direction while recurrent neural network possessed feedback that allows bi-directional 

data flows. The feedback in the recurrent neural network helps in the learning process for 

improved performance. The learning process is the process of adjusting the weight of the 

neuron to produce the output with minimum error. Both feedforward and recurrent NN is 

presented in Fig. 2.9. 

2.5.2  Type of DNN Based on Learning Techniques 

Depend on the training data and the application in hand, the DNN learning techniques can 

be supervised, unsupervised or reinforced [27].  In supervised learning, the training process 

has a set of input data and the desired output (target). The aim is to map between the input 

data and the output (target or label) or to obtain a set of weights that decrease the error 

between the estimated output and the actual output [28]. In unsupervised learning, the input 

data has no label or a target in the learning process. The training set is applied to the 

network without a corresponding target, the aim is to assemble inputs that are close to each 

other in cluster form. DNN trained in unsupervised manner predicts output in cluster form 

when an unknown set is applied.[29]. Reinforcement learning has some features of both 

supervised and unsupervised learning techniques, not all the inputs in reinforcement 

learning have target rather it receives feedback from the environment for a selected output 

and given input [29].  
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Fig. 2.9 Feedforward and recurrent NN 
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2.6 Algorithms for DOA and Positioning Estimation: A Review 

In seismic acquisition, WGs are fixed in the field after deployment but they can be moved 

during the acquisition process as a result of man-made or natural phenomena, and they ought 

to be precisely localized for processing requirement. In seismic exploration, the acceptable 

localization error is  1 𝑚. The accuracy may reach 0.5 𝑚 using full cooperative localization 

[1], [12], [30]. Different methods of localization such as time of arrival (TOA), time 

difference of arrival (TDOA), and angle of arrival (AOA) or direction of arrival (DOA) 

estimation can be applied to find the location of WG.  

Different techniques were applied for DOA estimation. Capon algorithm was applied to a 

MIMO radar system in [31]. Also, authors in [32] compared Beamforming, Capon, MUSIC, 

and first-norm singular value decomposition (𝑙1 − 𝑆𝑉𝐷) in estimating DOA of two sources 

using ULA antennas. Efforts have been made for DOA estimation of both single and 

multiple transmitting signals using DNN.  Authors of [33] suggested DNN techniques for 

DOA of sound sources in microphone arrays. Training sets were generated from speeches 

at microphone arrays. Also, in [34], Chakrabarty et al. applied a convolutional neural 

network with a supervised learning technique for DOA estimation of multiple speakers. 

However, in reference [4], Unlersen et al. proposed an artificial neural network for DOA 

estimation of 1 to 4 sources in 10° resolution with a search range of −90° to 90° using a 

5-element ULA. Similarly, Kase 𝑒𝑡 𝑎𝑙. in [35] proposed simultaneous DOA estimation of 

2 sources using DNN at the range of −60° to 60° for 1° interval using a 5-element ULA, 

their trained network achieved a probability of correct estimation < 80%. Additionally, 

Ravindran et al. studied DNN for DOA estimation in a MIMO system with 128 ULA and 
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5 sources. A search range of −90° to 90° in a step of 0.01° was used by [36]. Moreover, 

Huang et al. in reference [37], proposed DNN for DOA estimation as in [36] with the same 

search range, angle resolution, and number of ULA but extended the number of sources to 

32. Additionally, Huang and co-authors in [38] used super-resolution deep learning for 

DOA estimation in a MIMO system using 32 sources with 128 ULA, training data were 

obtained within a search angle from −90° to 90° in a step of 0.01°. However, [39] 

introduced a DNN technique for angle classification in a search range of −60° to 60°  to 

estimate DOA of 2 sources. Hu et al. in [40] proposed a DNN with low complexity for 

DOA estimation in a hybrid massive MIMO system using 32 sources and 128 uniform 

circular array at a base station. Furthermore, [41] and [42] proposed DNN with supervised 

learning to reduce phase distortion and enhance DOA estimation accuracy. Also, [43] and 

[44] integrated a deep convolutional network (DCN) into DNN for DOA estimation.  

Two or more estimated DOA and their corresponding coordinates are required in LSE to 

localize a transmitter position. The idea of using the estimated DOA for positioning 

estimation in LSE was presented by [45], [46], [47], [48]. Authors in [45] presented LSE 

for localizing stationary target using passive bearing measurements of target in a two-

dimensional plane. The authors in [46] proposed a general algorithm of LSE for positioning 

estimation of a mobile user in the case of estimated TOA, TDOA, and DOA. while authors 

in [48] used the estimated DOA in LSE to find the coordinate of a sensor node in a wireless 

sensor network. Besides, in [49] Alam et al. used LSE algorithm to estimate the location 

of a mobile user in Wideband Code Division Multiple Access (WCDMA)  system using 

estimated TOA and AOA. Erogluy et al. applied LSE algorithm for finding location of a 

receiver using a different number of anchors i.e. multi-element visible access point in 
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multiple visible light communication systems. Moreover, 3 to 10 anchors were considered 

in LSE for receiver localization [5]. 

Based on the literature, and to the best of our knowledge, no research modeled or 

formulated the localization problem of WG nodes. We formulate the problem then focus 

on a DNN algorithm for DOA estimation of one source. Next, we use the DOA estimation 

results for localization of WG in seismic exploration. Traditional DOA algorithms have 

computational complexity, real-time estimation limitations, and they are more prone to 

errors at low SNR. We use 5-element ULA at WGN. The DNN algorithm is based on a 

feedforward neural network with a supervised learning technique. The search range is 

between −60° to 60° in 1° resolution. The estimated angles are then fed to an LSE 

algorithm to locate the position of WG. The channel model in the wireless seismic literature 

is usually assumed to be AWGN. Path loss as in the log-normal and two-ray ground 

reflection model contributes large loss to the transmitted signal which leads to error in 

localization. The used models reflect the effect of distance between the transmitter and the 

receiver, environmental factors like different shadowing levels, and ground reflection. 

2.6.1 Received Signal Formulation and DOA Estimation 

Assuming a single WG to be localized at a time, consider the scenario where the WG is 

transmitting a narrow band signal, 𝑔(𝑡) , from a distance ≫ 2𝐷2/𝜆 (far-field assumption). 

The transmitted signal arrives at 𝑀 element as shown in Fig. 2.7. The incidence angle of 

arrival of the transmitted signal relative to the rightmost omnidirectional sensor element is 

𝜃, and the received signal at the 𝑚𝑡ℎ antenna, 𝑥𝑚(𝑡) is expressed as [32]; 
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 𝑥𝑚(𝑡) = 𝑢𝑚(𝜃)𝑔(𝑡) + 𝑛𝑚(𝑡)           𝑡 ∈ {1,2, … , 𝑇} (2.7) 

where 𝑇 is the number of snapshots, 𝑔(𝑡) is transmitted signal, 𝑛(𝑡) is AWGN, and 𝑢𝑚(𝜃) 

is the 𝑚𝑡ℎ entry in the steering vector defined as  

  
𝒖(𝜃) = [1, 𝑒

𝑗2𝜋𝑑𝑠𝑖𝑛(𝜃)
𝜆 , 𝑒

𝑗4𝜋𝑑𝑠𝑖𝑛(𝜃)
𝜆 , … , 𝑒

𝑗2𝜋𝑑(𝑀−1)𝑠𝑖𝑛(𝜃)
𝜆 ]

𝑇

 
(2.8) 

The vector form of the received signal is given as  

 𝒙(𝑡) = 𝑼(𝜃)𝒈(𝑡) + 𝒏(𝑡) (2.9) 

where 𝒏(𝑡) = [𝑛1(𝑡), 𝑛2(𝑡), … , 𝑛𝑀(𝑡)]𝑇 is the noise vector.  

Our problem is to estimates the angels of arrival 𝜃 given 𝒙(𝑡) based on the model presented 

in (2.9). This can be achieved using classical algorithms like beamforming, spectral 

estimation, Bartlett, Capon, ESPRIT, Min-norm, MUSIC, and machine learning. The 

estimation process is depicted in Fig. 2.10.  Instead of operating directly on the received 

signal as in (2.9), we work with the 𝑀 × 𝑀 correlation matrix expressed as  

 𝑹𝑥𝑥 = 𝐸[𝒙(𝑡)𝒙𝐻(𝑡)] = 𝒖(𝜃)𝑹𝑔𝑔𝒖𝐻(𝜃) + 𝜎𝑛
2𝑰 (2.10) 

where 𝑹𝒈𝒈 = 𝐸[𝒈(𝑡)𝒈𝐻(𝑡)] is the signal covariance matrix, 𝜎𝑛
2 is the noise power and 

𝐸[. ] is the statistical expectation, and [. ]𝐻 is a Hermitian operator.  For the problem of 

DOA estimation in DNN, the 𝑀 × 𝑀 correlation matrix, 𝑅𝑥𝑥 of the received signal is used 

as input to the DNN. The matrix is a Hermitian in which the diagonal elements are real-

valued. The upper and lower triangular entries are the same and complex-valued.  

 

𝑹𝑥𝑥 =

(

 
 

𝑟1,1 𝑟1,2 𝑟1,3
⋯ 𝑟1,𝑀

𝑟2,1 𝑟2,2  𝑟2,3
 ⋯  𝑟2,𝑀

𝑟3,1

⋮
𝑟𝑀,1

𝑟3,2

⋮
𝑟𝑀,2

𝑟3,3

⋮
𝑟𝑀,3

⋯ 𝑟3,𝑀

⋱ ⋮
⋯ 𝑟𝑀,𝑀 )

 
 

 

 

(2.11) 
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Fig. 2.10 Block-diagram for DOA estimation using different algorithms 
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The diagonal element and either upper or lower entries of 𝑅𝑥𝑥 are used. Furthermore, the 

complex-values are decomposed to real values and arranged in a one-row vector of 𝑀2 

elements written as 

 𝒒 = [𝑟1,1, 𝑟2,2, … , 𝑟𝑀,𝑀, ℜ(𝑟2,1), ℑ(𝑟2,1),… , ℑ(𝑟𝑀,𝑀−1)]
𝑇
 (2.12) 

where 𝑟𝑚,𝑛 , ∀𝑚, 𝑛 = 1,… ,𝑀, are the entries of 𝑹𝒙𝒙 and ℜ(. ), ℑ(. ) are the real and 

imaginary entries.  

Therefore, (2.5) can be written in vector form as 

 

𝒚 = [

𝑦1

𝑦2

⋮
𝑦𝐿

] = [

𝑓(𝑧1)
𝑓(𝑧2)

⋮
𝑓(𝑧𝐿)

] = 𝑓(𝒛) 

 

(2.13) 

 

𝒛 = [

𝑧1

𝑧2

⋮
𝑧𝐿

] = [

𝑤1,0 𝑤1,1
… 𝑤1,𝑀

𝑤2,0 𝑤2,1
… 𝑤2,𝑀

⋮
𝑤𝐿,0

⋮
𝑤𝐿,1

⋮
…

⋮
𝑤𝐿,𝑀

] [

1
𝑞1

⋮
𝑞𝑀

] = 𝑾[
1
𝒒
] 

 

(2.14) 

The accuracy of the DNN output depends on the total number of angles 𝑁𝜃 =
𝜃𝑚𝑎𝑥−𝜃𝑚𝑖𝑛

Δ𝜃
+

1 within the search range; where ∆𝜃, 𝜃𝑚𝑎𝑥 and 𝜃𝑚𝑖𝑛 are the angle resolution, maximum 

and minimum angle in the search range, respectively. 

The complete structure of DNN with inputs, multiple hidden layers, and output is shown 

in Fig. 2.11. 
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Fig. 2.11 Schematic diagram of complete DNN 
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2.6.2 Other DOA Estimation Algorithms 

A. Beamforming Algorithm 

In beamforming, the concept is to steer the array in a specific direction and measure the 

output power. if the steered direction matches the DOA of the signal, maximum power will 

be received. The output signal from the array is expressed as a linear combination of weight 

vector 𝒘 and received signals, 𝒙(𝑡), written as 

where [. ]𝐻 is a Hermitian operator and the average power 𝑃(𝒘) of the array over 𝑇 sample 

can be written as  

In a beamforming technique, the weight vector is the same as a steering vector i.e. 𝒘 =

𝑼(𝜃). where 𝜃 is the search angle. High power is observed if the search angle coincides 

with the angle from the source [32]. The weight vector is normalized as: 

Hence, the output power can be written as a function of the DOA  

The peak is observed when the weight vector matches the DOA of the received signal. 

 

 

 𝑥𝑑(𝑡) = 𝒘𝐻𝒙(𝑡) (2.15) 

 

𝑃(𝑡) =
1

𝑇
∑|𝑥𝑑(𝑡𝑛)|2
𝑻

𝒏=𝟏

= 𝒘𝐻𝑹𝑥𝑥𝒘 = 𝑃(𝒘) 

(2.16) 

 
𝒘 =

𝑼𝐻(𝜃)

√𝑼𝐻(𝜃)𝑼(𝜃)
 

(2.17) 

 
𝑃𝐵𝑒𝑎𝑚𝑓𝑜𝑟𝑚𝑖𝑛𝑔(𝜃) =

𝑼𝐻(𝜃)𝑹𝒙𝒙𝑼(𝜃)

𝑼𝐻(𝜃)𝑼(𝜃)
 

(2.18) 
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B. Capon Algorithm 

The idea is to form a beam in the direction of the desired angle at the same time nulls the 

undesired direction i.e. it minimizes power in all directions except look direction [3], [50].  

The weight vector is written as  

Hence, the output power is expressed as  

C. MUSIC Algorithm 

MUSIC algorithm is a subspace-based method, the main concept is to find the directions 

so that the steering vector related to this direction is contained in the signal subspace and 

is orthogonal to the noise subspace. MUSIC algorithm can be formulated from the 

correlation matrix of the received signal given in (2.10). The signal subspace, 𝑼(𝜃), and 

the noise subspace 𝐕𝑛 are the component of the eigenvectors that span the space of 𝑹𝑥𝑥. 

The eigenvector, 𝜼𝑖, related to (𝑁 − 𝐾) smallest eigenvalue, 𝜆𝑖 assures the following 

relation [32] 

where 𝑁 is a rank of the identity matrix 𝑰. 

Furthermore, due to orthogonality, (2.22) can be expressed as [3]  

 min𝑃(𝒘) subject to 𝒘𝐻𝑼(𝜃) = 1 (2.19) 

 
𝒘 =

𝑹𝑥𝑥
−1𝑼𝐻(𝜃)

𝑼𝐻(𝜃)𝑹𝑥𝑥
−1𝑼(𝜃)

 
(2.20) 

 
𝑃𝐶𝑎𝑝𝑜𝑛(𝜃) =

1

𝑼𝐻(𝜃)𝑹𝑥𝑥
−1𝑼(𝜃)

 
(2.21) 

 (𝑹𝑥𝑥 − 𝜆𝑖𝑰𝑁)𝜼𝑖 = 0, 𝑖 = 𝐾 + 1, … ,𝑁  (2.22) 

 𝑼𝐻𝜼𝑖 = 0, 𝑜𝑟 {𝒖(𝜃1),… , 𝒖(𝜃𝐾)} ⊥ {𝜂𝐾+1, … , 𝜂𝑁}   (2.23) 
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The eigenvectors related to the smallest eigenvalues are used to form noise subspace as 

When the search angle equals the DOA of the received signal, then the steering vectors, 

𝒖𝐻(𝜃) are orthogonal to the noise subspace 𝐕𝑛 expressed as 

Therefore, the output power can be written as a function of DOA as 

The largest peak of 𝑃𝑀𝑈𝑆𝐼𝐶(𝜃) correspond to the DOAs of the received signal.   

2.7 Least-Square Location Estimation 

Given the two or more DOAs and the locations of the corresponding WGNs, the transmitter 

location can be estimated using an LSE [5] as described in Fig. 2.12. Let’s consider 𝜃𝑘 as 

the DOA of the WG to the 𝑘𝑡ℎ WGN located at (𝑋WGN𝑘
, 𝑌WGN𝑘

) be the known locations 

of the WGNs for 𝑘 = 1,2,3…𝐾. The position (𝑋WG, 𝑌WG) of the transmitter can be 

localized as [5] 

 cos 𝜃𝑘

sin 𝜃𝑘
=

𝑋WG − 𝑋WGN𝑘

𝑌WG − 𝑌WGN𝑘

 
(2.27) 

This can be expressed as  

 𝑋WG sin 𝜃𝑘 − 𝑋WGN𝑘
sin 𝜃𝑘 = 𝑌WG cos 𝜃𝑘 − 𝑌WGN𝑘

cos 𝜃𝑘 (2.28) 

We can write (2.28) for 𝑘 = 1,2, … , 𝐾 in matrix for as  

 𝐕n = [𝜂𝐾+1, … , 𝜂𝑁]  (2.24) 

 𝒖𝐻(𝜃)𝐕𝑛𝐕𝑛
𝐻𝒖(θ) = 0  (2.25) 

 
𝑃𝑀𝑈𝑆𝐼𝐶(𝜃) =

1

𝒖𝐻(𝜃)𝐕𝑛𝐕𝑛
𝐻𝒖(θ)

  
(2.26) 



38 

 

 𝑨𝒉 = 𝒋 (2.29) 

where 𝒉 = [𝑋WG, 𝑌WG]𝑇 is the location of 𝑘𝑡ℎ WG and the other two variables are 

 

𝑨 = [

sin 𝜃1 −cos 𝜃1

sin 𝜃2 −cos 𝜃2

⋮
sin 𝜃𝐾

⋮
−cos 𝜃𝐾

] , 𝒋 =

[
 
 
 
𝑋WGN1

sin 𝜃1 − 𝑌WGN1
cos 𝜃1

𝑋WGN2
sin 𝜃2 − 𝑌WGN2

cos 𝜃2

⋮
𝑋WGN𝐾

sin 𝜃𝐾 − 𝑌WGN𝐾
cos 𝜃𝐾]

 
 
 

 

 

(2.30) 

Therefore, the LSE for the unknown WG is expressed as  

 𝒉̂ = (𝑨𝑇𝑨)−1𝑨𝑇𝒋 (2.31) 
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Fig. 2.12 Least square location estimation 

 

  



40 

 

2.8 Performance Metrics 

Many performance metrics are used for evaluating the DOA and positioning estimation. 

The metrics used for evaluating trained DNN include root mean square error (RMSE) and 

the probability of correct estimation. On the other hand, Euclidean distance between the 

actual and estimated position, mean absolute error (MAE), and empirical cumulative 

distribution function (CDF) are used for positioning accuracy. 

2.8.1 Root Mean Square Error (RMSE) 

This is the most universally used evaluation metric in the literature for DOA estimation 

and is expressed as [35]  

 

RMSE = √
1

𝑁𝐼
∑ ∑(𝜃𝑖

(𝑛)
− 𝜃𝑖

(𝑛)
)

𝐼

𝑖=1

 2
𝑁

𝑛=1

 

 

(2.32) 

where 𝑁 is the number of Monte Carlo iteration, 𝐼 is the number of WGs to be localized, 

𝜃𝑖
(𝑛)

, and  𝜃𝑖
(𝑛)

 are actual and estimated DOA at 𝑛𝑡ℎ test for 𝑖𝑡ℎ source.  

2.8.2 Probability of Correct Detection 

The probability of correct detection is a measure of how the DNN can correctly detect the 

unknown data set. Let 𝜃 be the actual DOA and 𝜃 be the estimated DOA, therefore the 

probability of correct detection 𝑝𝑐 is defined as the number of a correctly detected event 

i.e. all possible cases with the difference between actual and estimated DOA less than 𝜃𝑡ℎ 

divided by the total number of all considered cases written as [51], [52]: 
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𝑝𝑐 =
1

𝑁𝐼
∑ ∑𝑢 (𝜃𝑡ℎ − |𝜃𝑖

(𝑛)
− 𝜃𝑖

(𝑛)
|)

𝐼

𝑖=1

𝑁

𝑛=1

 

 

(2.33) 

where the detection error threshold 𝜃𝑡ℎ is set to 0.5°, 𝑁 is the number of iteration, 𝐼 is the 

number of all considered cases, and 𝑢(𝑥) is the unit step function which is 1 for 𝑥 > 0. 

2.8.3 Mean Absolute Error (MAE) 

The positioning error is defined based on Euclidian distance between the actual and the 

estimated position of the transmitter (WG) and given as 

 
‖WG − WĜ‖ = √(𝑋WG𝑖

− 𝑋̂WG𝑖

(𝑛)
)
2

+ (𝑌WG𝑖
− 𝑌̂WG𝑖

(𝑛)
)
2

 
(2.34) 

where 𝑋̂WG𝑖

(𝑛)
 and 𝑌̂WG𝑖

(𝑛)
 are the estimated coordinates for the 𝑖𝑡ℎ WG at the 𝑛𝑡ℎ test and 

𝑋WG, 𝑌WG are the actual position of WG. 

The MAE is the absolute mean of errors in estimating all WGs and it can be expressed as 

 

MAE =
1

𝑁𝐼
∑ ∑‖WG − WĜ‖

𝐼

𝑖=1

𝑁

𝑛=1

 

(2.35) 
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3 CHAPTER 3 

DOA-BASED LOCALIZATION USING DEEP 

LEARNING FOR WIRELESS SEISMIC ACQUISITION  

The simulation of wireless seismic architecture i.e. the distribution of WGs, WGNs in the 

seismic acquisition, and sectoring at WGN are described in this chapter. The proposed 

DNN for DOA estimation is evaluated and the results are used in position estimation using 

LSE. The parameters used for WGs and WGNs deployment are given in Table 1. 

3.1 Wireless Seismic Architecture  

3.1.1 Sensor Node Distribution 

To decide on the wireless system architecture, knowledge about the distribution of the WGs 

is needed. Orthogonal geometry was adopted in [8], [16],  where 𝑅𝐿s and source lines (𝑆𝐿) 

are perpendicular to each other, as shown in Fig. 3.1. In Fig. 3.1, the red sparks represent 

the seismic sources along the 𝑆𝐿, the black dots represent the WGs deployed along the 𝑅𝐿 

with interspacing ∆𝑥, and triangles are the WGNs covering the whole area of exploration. 

The vertical spacing between the 𝑅𝐿𝑠 is ∆𝑦. Network access is provided to the whole 

acquisition field wirelessly by dividing the area into hexagonal cells. Adjacent cells are 

assumed to be in a horizontal interval of 3𝑅, where 𝑅 is the cell radius. A group of WGs 

in a single cell are coordinated by a single WGN serving as the base station. The number 

of required cells 𝑁(𝑅), as a function of 𝑅, is given as [8] [16] 

 
𝑁(𝑅) = {

(2⌈𝑦𝑐⌉ + 1)⌊𝑥𝑐⌋ + ⌈𝑦𝑐⌉,   {𝑥𝑐} ≤ 1/3 
(2⌈𝑦𝑐⌉ + 1)⌊𝑥𝑐⌋,              {𝑥𝑐} > 1/3   

         
(3.1) 
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 𝑦𝑐 =
(𝑌−1)∆𝑦

√3𝑅
, 𝑥𝑐 =

(𝑋−1)∆𝑥

3𝑅
 (3.2) 

where ⌈α⌉, ⌊α⌋ and {α} are ceiling, floor, and fractional part of α. 𝑌 is the number of 𝑅𝐿𝑠, 

𝑋 is the number of WGs in a single 𝑅𝐿, ⌈𝑦c⌉ is the number cells along a single column of 

cells, and 2⌈𝑥𝑐⌉ is the number of cells along a single row of cells. In real life, obstructions 

in the environment introduce uncertainty to the exact location of the WGs. This can be 

modeled as a uniformly random perturb deployed geometry with separation ranges from 0 

to 2 𝑚 in each coordinate [1]. Sectorization is applied to each cell, where a directive ULA 

with 120° coverage is employed in every sector, this leads to three sectors at each WGN. 

Note that, Fig. 3.1 and Fig. 3.2 are not drawn to scale. 

Table 1 Parameters for deployment of WG and WGN 

Parameter Values 

Number of 𝑅𝐿s 30 

Number of geophones per 𝑅𝐿 480 

Number of geophones per cell ~450 

Spacing between 𝑅𝐿s 200𝑚 

Spacing between geophone in 𝑅𝐿 25 𝑚 

Cell radius (𝑅) 1 𝑘𝑚 

Number of WGN 32 

Total number of geophones 14400 

Total area of acquisition 72 𝑠𝑞𝑘𝑚 
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Fig. 3.2 Simulated version orthogonal geometry of wireless seismic survey 

  

Fig. 3.1 Orthogonal architecture of seismic survey 
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3.1.2 Sectoring at WGN 

As stated in Section 3.1.1, to provide wireless communications between the WGs and the 

WGNs, the field of acquisition is divided into hexagonal cells with one coordinating WGN 

per cell. Sectoring is applied to a single cell, where a directive ULA with 120° coverage is 

assumed in every sector, this leads to three sectors at each WGN shown in Fig. 3.3 [53]. 
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0𝑜 

Fig. 3.3 Sectoring at wireless gateway node 
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3.2 Simulation Environment  

The simulation parameters of the implemented DNN algorithm are presented in this 

section. One source, i.e. WG, is assumed to be transmitting a narrow band signal with 

600 𝑀𝐻𝑧 carrier frequency within a range of −60° to 60°. A 5-element ULA (𝑀 = 5) is 

used, where the inter-element spacing is 𝜆 ⁄ 2 and 𝑇 = 100 snapshots. The diagonal and 

lower triangular elements of the correlation matrix are decomposed into a column vector of 

𝑀2 = 25 entries. This vector is used as an input to the proposed DNN. The training data is 

generated using different SNR scenarios as 

a) Constant 0 𝑑𝐵 SNR 

b) Constant 5 𝑑𝐵 SNR 

c) Constant 30 𝑑𝐵 SNR 

d) Linearly 5 steps increased from 0 𝑑𝐵 to 30 𝑑𝐵 

e) Linearly 1 step increased from 0 𝑑𝐵 to 30 𝑑𝐵 

The search range of the DOA at the output of DNN ranges from −60° to 60° in steps of 1° 

resolution, giving a total of 𝑁𝜃 = 121 angles. While generating the training data, 300 

Monte Carlo iterations were considered for each aforementioned SNR scenarios. This gives 

a 36300 train set for each constant case, 254100 and 1125300 for 5𝑑𝐵 and 1𝑑𝐵 step 

linear cases, respectively. A total of 80% is used as a training set and the remaining 20% 

is used as a validation set to avoid overfitting. 

A feedforward neural network based on a supervised learning algorithm trained with 

Levenberg- Marquardt backpropagation algorithm (Trainlm) and gradient descent with 
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momentum were used. Two hidden layers with Sigmoid activation function and 20 neurons 

per layer were adopted. A linear activation function was used at the output layer see Fig. 

3.4. Each input data has the desired target (output) for generating weights that minimize 

the error between actual and estimated output. 
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Fig. 3.4 Feedforward neural network 
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3.3 Performance Evaluation of Trained DNN 

The robustness of the proposed DNN algorithm is evaluated using root mean square error 

(RMSE) and the probability of estimating the correct DOA expressed in (2.32), (2.33). The 

probability of correct estimation and RMSE according to the aforementioned five SNR 

scenarios are presented in Fig. 3.5 and Fig. 3.6 respectively, with the description of SNR 

used for the training phase in the legend and testing phase in abscissa. In general, the DNN 

trained with wider range SNR outperforms its counterparts trained with constant SNR, 

meaning that DNN trained at constant SNR has good performance at that specific SNR and 

then performs poorly at remaining SNR. Both the DNN trained with  1𝑑𝐵 and 5𝑑𝐵 step 

linear increased SNR have similar performance with RMSE of 0.3° at 0𝑑𝐵. The probability 

of correct estimation is 87% at 0 𝑑𝐵 SNR then it saturates to 100% at 8 𝑑𝐵 SNR. There 

is minor advantage of 0.2 % in correct estimation when using 1𝑑𝐵 step compared with 

5 𝑑𝐵 step increase. 
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Fig. 3.5 Probability of correct DOA estimation 
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Fig. 3.6 RMSE of DOA estimation for each SNR scenario 
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To study the effect of varying the number of hidden layers and neurons in each hidden 

layer in the network, two training cases were considered. The first case is using 1 hidden 

layer with 10 and 20 neurons, then using 2 hidden layers with 10, 20, and 30 neurons per 

hidden layer. In both cases, the networks are trained with the same training data set and 

tested with another unknown data set. Fig. 3.7 and Fig. 3.8 present comparative performance 

evaluation measures.  

The effect of the number of hidden layers and neurons per  layer in the network is examined. 

In the case of using one hidden layer with 10 and 20 neurons, it shows that network trained 

with 20 neurons gives a probability of correct estimation of 85.4% and RMSE of 0.36° at 

0 𝑑𝐵 compared to the network with 10 neurons. Furthermore, in the case of two hidden 

layers with 10, 20, and 30 neurons per hidden layer, the probability of correct estimation, 

presented in Fig. 3.7, shows comparable performance with a slight lead for the case of 20 

neurons with a probability of correct estimation of 87% and RMSE of 0.3° at 0 𝑑𝐵 SNR. 
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Fig. 3.7 Probability of correct DOA estimation for different number of hidden layers and neurons 
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Fig. 3.8 RMSE for different number of hidden layers and neurons 
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Fig. 3.9 and Fig. 3.10 presents the comparative measure of different algorithms of DOA 

estimation using a probability of correct estimation and RMSE. The DNN used has 2 

hidden layers with 20 neurons in each layer. In the case of Fig. 3.9, it shows that at low 

SNR e.g. 0 𝑑𝐵, the DNN gives a probability of correct estimation in the order of ~87% 

while the remaining algorithm like Beamforming, Capon, and Music gives a probability of 

correct estimation of about 60%, meaning that at low SNR the DNN outperforms its 

counterparts with ~27% probability of correct estimation. Furthermore, both algorithms 

attain a good estimation accuracy as SNR in the received signal increase. To compare the 

error between a mentioned algorithm, it shows that at 0 𝑑𝐵 SNR, DNN have RMSE of 

0.33° while Beamforming, Capon, and MUSIC have RMSE of about 0.65°. However, the 

remaining algorithms lead DNN with less RMSE at SNR above 9 𝑑𝐵, but the RMSE of 

DNN at that point is less than 0.12° and error in DNN continues decreasing as the SNR 

increase. see Fig. 3.10.   
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Fig. 3.9 Probability of correct DOA estimation for different DOA algorithm 
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Fig. 3.10 RMSE for different DOA algorithm 
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3.4 Localization with DOA in Seismic Acquisition 

In the previous subsection, DNN trained with 1 𝑑𝐵 step linear increase has higher accuracy 

and wide range of SNR for estimating the DOA, this makes it a potential candidate for 

localization problem in seismic acquisition described in Section 3.1.1. The following 

discussion describes the effect of the channel model and cell size on the estimation 

accuracy as presented by the CDF of the MAE of the position error. Then the shadowing 

effect is considered using the MAE and its empirical CDF of the position error for a specific 

number of WGNs.  To investigate the effect of cell size, two different cell radii, 𝑅 = 1 𝑘𝑚, 

and 𝑅 = 0.8 𝑘𝑚, are examined. Note that all transmitted signal parameters are given in 

Table 2. 

Table 2 Parameters for signal model 

Parameter Values 

Center frequency, 𝑓𝑐 600 𝑀𝐻𝑧 

Snapshots, 𝑇  100 

No. arrays element at each sector, 𝑀  5 

Spacing between arrays 𝜆/2 

Range coverage of arrays 120° (−60° to +60°) 

No. of monte Carlo iteration 𝑁 100 

Initial transmitted power 40 𝑑𝐵𝑚 

Closest reference distance (𝑑0) 1 𝑚 

path loss exponent 𝑛 2 

Log-normal variance 𝜎2 0, 3, 5, 7 𝑑𝐵 
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It is assumed that one WG is transmitting at a time and all WGs have equal transmitting 

power. The SNR of the received signal at the WGNs depends on path loss and the 

shadowing effects. Covariance matrices are formed from the received signal and applied 

to the DNN for DOA estimation. The results are then used for localization using the least 

square estimator. The estimated DOA and its corresponding coordinates of WGNs are used 

in the LSE for estimating the position of the transmitter, i.e. WG, where a different number 

of WGNs based on the quality of the received signal are considered at a time. Meaning that 

two or more closest WGNs are used for estimating the position of one WG at a time. 

Adding more WGNs in LSE affects the estimation accuracy because the farther WGNs 

receive signals with a lower SNR, and this may bias the estimated location of the WG. The 

position error is defined based on Euclidian distance between the actual and the estimated 

position of the transmitter, i.e. WG, which is given in (2.34), and the MAE is expressed in 

(2.35). The empirical CDF is a statistical non-parametric distribution that estimates CDF 

of the random variable. 

The localization based on DOA can be evaluated using a different number of WGNs. We 

involve the strongest neighboring WGNs. Fig. 3.11 shows the empirical CDF of estimation 

accuracy as a function of the position error assessed using different closest WGNs 

assuming no shadowing, 𝜎2 = 0 𝑑𝐵. The localization accuracy increases with the number 

of WGNs because more WGNs are involved in the LSE. It also increases with reducing the 

cell radius, as the WGNs become closer to the WGs, and consequently, high SNR is 

realized at each WGN. For 𝑅 = 0.8 𝑘𝑚 (dotted lines), four WGNs realize an excellent 

localization accuracy that is ~90% within 1 𝑚 of the actual position. Within the same 
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error, the accuracy is reduced by 2% or more in all considered cases when the cell radius 

is increased to 𝑅 = 1 𝑘𝑚.  
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Fig. 3.11 Empirical CDF of localization error, evaluated using different cell radii  and different number of 

WGNs 
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Fig. 3.12 shows the MAE in localizing all WGs versus the number WGNs involved in 

localization. Different shadowing levels are considered. In general, the MAE decreases 

with the number of considered WGNs until certain value (4 WGNs in most of the cases) 

then it increases because of the increase in the number of WGNs receiving the signal with 

a low SNR. For example, when 𝑅 = 1 𝑘𝑚 and no shadowing i.e. 𝜎2 = 0 𝑑𝐵, 4.4 𝑚 MAE 

can be achieved using 2 WGNs. The error decreases to 0.6 𝑚 using 4 WGNs, then the 

performance deteriorates due to the aforementioned reason. Fig. 3.12 also shows that as 

the shadowing parameter, 𝜎2, increases, the localization accuracy decreases. When 𝑅 is 

reduced to 𝑅 = 0.8 𝑘𝑚, the MAE is further reduced. 
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Fig. 3.12 Mean absolute error for different cell radii and shadowing variance 
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Based on Fig. 3.12, a total of 4 WGNs is selected and the positioning accuracy is evaluated 

using the empirical CDF and plotted in Fig. 3.13 for different shadowing levels. The 

accuracy degrades as the shadowing parameter increases. When 𝑅 = 1 𝑘𝑚 (solid lines), 

about 85% of the whole deployed WGs can be estimated within 1 𝑚 of the actual position 

when only path loss effect is considered. When the shadowing level increases to 𝜎2 = 7 𝑑𝐵 

for the same cell size, about 48% of the whole deployed WGs are localized within 1 𝑚 of 

the actual position. When the cell size is reduced, around 90% of the whole deployed WGs 

can be estimated within 1 𝑚 of the actual position with shadowing level of 𝜎2 = 0 𝑑𝐵 see 

Fig. 3.13. 
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Fig. 3.13 Empirical CDF of localization error, evaluated using 𝟒 WGN, different cell radius and 

 𝝈𝟐 = 𝟎, 𝟑, 𝟓, 𝟕 𝒅𝑩 
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3.5 Linear Deployment of WGNs in Seismic Acquisition 

So far we have been using cellular network deployment and orthogonal acquisition 

geometry as described in Section 3.1.1 with deployment parameter given in Table 1. To 

support a higher data rate, the new trends is to utilize higher frequency like the ISM band 

at 2.4 𝐺𝐻𝑧. New trends suggest applications of carrier frequency up to 60 𝐺𝐻𝑧 [54].  The 

higher frequency signals have limited coverage and hence the cell radius becomes much 

smaller.  

In this section, the network access is provided using 2.4 𝐺𝐻𝑧 with a cell radius of ~100 𝑚. 

Using (3.1) and (3.2), the total number of WGNs in the field of the acquisition were found 

to be 2720. Fig. 3.14 shows the deployment using cellular geometry. Due to the orthogonal 

acquisition deployment and the spacing between the receiver lines, some of WGNs are not 

serving any WGs or serves 2 to 3 WGs. This motivates the adoption of linear deployment 

of WGNs as described in [55]. In linear architecture, WGNs are deployed along the 𝑅𝐿𝑠 

with an interspacing of 200 𝑚. Each WGN coordinates 8 WGs as shown in Fig. 3.15.for 

clarity only some parts of the deployed WGs and WGNs are shown in Fig. 3.15. 
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Fig. 3.14 Cellular geometry using 𝟏𝟎𝟎 𝒎 cell radius 
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Fig. 3.15 Linear deployment of WGN in seismic architecture 
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3.5.1 Position Estimation Accuracy for Linear Deployment  

In this Section, the description given in Section 3.4.1 was adopted for generating a 

covariance matrix of the received signal for DOA and LSE estimation. 5 𝑅𝐿𝑠 with 480 

WGs per each 𝑅𝐿 were considered in the simulation where 100 Monte Carlo iteration were 

used per each WG.  The MAE and the empirical CDF were used to evaluate the error 

between the actual and the estimated position of the WG. The error is based on the 

Euclidian distance.  

Fig. 3.16 demonstrates the MAE in localizing WGs using the strongest WGNs in DOA and 

positioning estimation. A cell radius of 100 𝑚 and different shadowing parameter was 

considered. In the case of 𝜎2 = 0 𝑑𝐵, using 2 WGNs, 17 𝑚 MAE reflects unacceptable 

performance, the accuracy improves to 0.4 𝑚 with 5 WGNs then the accuracy decreases 

with the increase of WGNs receiving a signal with low SNR. Furthermore, in the case of 

𝜎2 = 3 𝑑𝐵, MAE in order of 13 𝑚 is noted using 2 WGNs, then error decreased to 0.5 𝑚 

using 5 WGNs.  

Fig. 3.17 depicts the empirical CDF of localization error for the linear deployment of 

WGNs using 𝜎2 = 0 𝑑𝐵. It shows that more than 93% of the deployed WGs can be 

localized within 0.8 𝑚 from actual position using 4 or 5 WGNs. However, localization 

with 2 WGNs gives a large error because most of the WGNs used are in a straight line with 

WG so LSE would make errors in finding their point of intersection as a position of WG.  
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Fig. 3.16 Mean absolute error of linear deployment 
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Fig. 3.17 Empirical CDF of localization error, evaluated using a linear deployment of WGNs and 𝝈𝟐 = 𝟎 𝒅𝑩 
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Fig. 3.18 presents empirical CDF of localization error using the linear deployment of 

WGNs. Different numbers of WGNs were involved in the localization with different 

shadowing parameters. In the case of 𝜎2 = 3 𝑑𝐵, 5 WGNs have high performance 

accuracy where about 96% of the deployed WGs can be estimated with 1 𝑚 then 

performance decrease with 4 and 3 WGNs where around 95% and 88% of the WGs can 

be localized. In the case of 𝜎2 = 5 𝑑𝐵, using 5 WGNs around 94% of WGs can be 

estimated with an accuracy of 1 𝑚. Also, in the case of ground reflection 4 and 5 WGNs 

have good estimation accuracy of about 90% within 0.4 𝑚 away from the actual position 

see Fig. 3.19. 
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Fig. 3.18 Empirical CDF of localization error, evaluated using a linear deployment of WGNs and 𝝈𝟐 = 𝟑,𝟓 𝒅𝑩 
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Fig. 3.19 Empirical CDF of localization error, evaluated in the case of ground reflection 
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4 CHAPTER 4 

CONCLUSIONS AND RECOMMENDATION FOR 

FUTURE WORK 

4.1 Conclusions 

In this thesis, an extensive review of wireless seismic architecture and deep neural 

networks applied to DOA estimation was carried out, followed by simulation of the 

orthogonal geometry of the wireless seismic model. The acquisition field was divided into 

hexagonal cells and each cell has a single WGN with three sectors and a directive uniform 

linear array in each sector.  A linear deployment was also investigated. The linear 

deployment is more appropriate when a high-frequency band is used as is the trend with 

5G and 6G mobile generations, Also, we introduced a DOA estimation based on DNN and 

tested its performance using different SNR scenarios in the presence of one narrowband 

source. We also compared a DNN algorithm with other DOA estimation algorithms such 

as Beamforming, Capon, and MUSIC. Simulation results show that DNN trained with 1𝑑𝐵 

step SNR scenario achieves high estimation accuracy. Moreover, DNN with high 

performance was used in each sector of the WGN to estimate the DOA of the received 

signal in different channel conditions. In the case of orthogonal deployment, the estimated 

DOA and its analogous coordinates of WGNs were used in LSE to locate the WGs. The 

result of position estimation depicts high estimation accuracy with the four closest WGNs 

where about 90% of the whole deployed WGs can be localized within 1 𝑚 of the actual 
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position. The estimation accuracy deteriorates as the shadowing effect increases and cell 

size increases. This shows that some WGs are far away from WGN and received signals 

are affected by shadowing. Hence, the WGN receives the signal with low SNR. To 

compensate for this more transmit power is required, or small cell size may be employed. 

Moreover, linear deployment of WGNs along RLs was used in the seismic architecture. 

DOA and LSE were integrated into the architecture for position estimation of the WGs. 

Results show that for linear architectures, for all cases of shadowing, 5 WGNs achieve high 

position estimation accuracy where more than 92% of the deployed WGs can be localized 

within 1 𝑚 from the actual position. 

In general, previous research shows that in seismic exploration the acceptable error in 

localization was found to be  1 𝑚 [1], [12], [30]. So from our results, we can see that 1 𝑚 

accuracy can be achieved using 4 closest WGNs in cellular geometry and also with linear 

deployment of WGNs an accuracy of 0.5 𝑚 can be achieved using 4 or 5 closest WGNs.  

In summary, CHAPTER 1 provided an overview, research contribution, motivation, and 

objectives of the thesis. CHAPTER 2 presented the technical background on the seismic 

acquisition, DOA estimation, DNN, and LSE. Moreover, the received signal, DOA 

estimation in the context of DNN and LSE formulation were presented. It also contains 

other DOA algorithm and a performance metric for evaluating error. CHAPTER 3 

presented orthogonal geometry for the distribution of WGs and WGNs in the field of 

acquisition. Moreover, linear deployment of WGNs along 𝑅𝐿 was considered. DOA of a 

single received signal was estimated using trained DNN. LSE was used for estimating the 

position of transmitter i.e. WG. Trained DNN with high performance was applied to each 
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sector of WGN for estimating DOA of one received signal at a time, the estimated DOA 

and corresponding coordinate of WGN were used in LSE for estimating the position of 

transmitter i.e. WG. MAE and empirical CDF were used to evaluate the positioning 

accuracy. The accuracy is based on the Euclidian distance between the actual and estimated 

position. 

 

4.2 Suggestion for Future Work 

Research in this thesis considered DOA and position estimation of WGs at WGNs in 

seismic acquisition. However, there are some open problems their solution can be 

considered to improve the positioning estimation in seismic acquisition. 

 Map aware localization technique: it is known that traditional deployment of WG 

follows a certain arrangement that is known a prior with a certain uncertainty. It is 

possible to model the uncertainty and use a priori information (map) to improve the 

localization [56], [57],[58] [59]. 

 Account for possible interference between the WGs and implement DOA 

estimation of multiple sources using DNN with application to seismic acquisition. 

 Perform comparative evaluation of different artificial intelligence and machine 

learning techniques like DNN, convolutional NN [43], [60] with other DOA 

techniques like Beamforming, Capon, Music, etc. in the seismic acquisition. 

 Compare the performance of time of arrival (TOA), time difference of arrival 

(TDOA), receive signal strength (RSS) to that of DOA, and how they compare. 

 Perform experimental evaluation of DOA and position estimation with WGs.  
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OTHER QUALIFICATION OBTAINED 

INSTITUTION QUALIFICATION DATE 

NYSC Certificate of Discharge 2017 

Huawei 

technologies 

Company 

Certificate of recommendation 2015 

BUK Certificate of Best Level 200 

Student (Electronics Department) 
2012 

Nurul Bab 

Islamiyya 
Certificate of Qur’anic Graduation 2009 

IHDIT Certificate of Basic Computer 

Training 

2007 

WORKING EXPERIENCE 

 King Fahad University of Petroleum and Minerals (KFUPM) Saudi Arabia (Lab 

Instructor EE 204, Term 191 and 192). 

 Federal University Dutse (FUD), NYSC corps Member, (Lab Instructor, Physics 

Department 2017). 

 Huawei Technologies Company, Nigerian Limited. Technician November, 2014 to 

April 2015.  

 Electrical conduit wiring, Installation/maintenance, self-employed, 2006 to date. 

 Classroom Teacher, Madarasatul Nurul Albab, Islamiyya, 2013 to date.    

RESEARCH INTEREST 

 Electronics 

 Communication 

 Neural Network 

LIST OF RESEARCH  

 Design and Implementation of Closed-Circuit Television (CCTV) presented at 

physics department BUK (2016). 

 Mukhtar, Sani, Kabiru N. Aliyu, and Khurram K. Qureshi. "Performance evaluation 

of Er3+/Yb3+ codoped fiber amplifier." Microwave and Optical Technology Letters, 

vol. 62.6, pp. 2243-2247, Feb. 2020. 

 Mukhtar, Sani, Sani, Kabiru N. Aliyu, and Khurram K. Qureshi. “Performance 

Evaluation of Thulium doped Fiber Amplifier based on an in-band pumping.” 
Submitted to Microwave and Optical Technology Letters. June 2020. 

LIST OF SIMULATION SOFTWARE USED 

 Matlab. 

 Opti-system (Optical Communication simulation software). 

 Instrumentation Lab-View (Multisim). 

 Theory Proving System (TPS-3321, TPS-3351). 


