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ABSTRACT

Localization is of paramount importance in various domains including navigation, mil-

itary defense, transportation, earthquake monitoring, healthcare, and sports. While

conventional positioning technologies such as the Global Positioning System (GPS) and

Global Navigation Satellite System (GLONASS) are widely employed, communication

technologies like Bluetooth and Long-Term Evolution (LTE) signals also contribute

to location estimation through multilateration after distance assessment. Additionally,

Radio Detection and Ranging (RADAR) technologies are commonly utilized for posi-

tioning by relying on the reflection of transmitted signals. However, alternative signal

types such as sound and ground vibration, naturally emitted by targets, can also be

exploited for localization.

Seismic sensors offer the advantage of passively capturing signals without detection by

the target, via requiring relatively low energy consumption. Despite the advantages of

operating at low frequencies, reduced power consumption and heat dissipation, seismic

sensors impose limitations on their range. While their most common applications

include traffic monitoring, railway health monitoring, earthquake early warning, vehicle

detection, and classification, vehicle localization with seismic sensors remains a less

explored area in the literature. As a result, our research endeavors to showcase the

potential of seismic sensor networks in determining the positions and routes of military

vehicles passing through critical zones, whether tracked or wheeled.

Although numerous positioning methods have been proposed, seismic sensors have

predominantly been utilized for pinpointing the epicenter of intense ground movements,

particularly in earthquake monitoring. However, adapting these methods for vehicle

positioning encounters challenges stemming from factors such as terrain type, weather

conditions, vehicle speed, and axle count, all of which influence the type of vibrations

detected. This study critically examines the constraints of existing methods in extracting

Raw Signal Strength (RSS) from seismic signals generated by different vehicles. To

address these challenges, we propose a novel approach leveraging statistical signal pro-

cessing and Long-Short Term Memory (LSTM)-based Convolutional Neural Networks

(CNN). This innovative methodology aims to overcome the limitations associated with

vehicle localization using seismic sensor.

Keywords: Seismic Sensor Networks, Localization, Machine Learning, Convolu-

tional Neural Networks, Long-Short Term Memory, Statistical Signal Processing.
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ÖZET

Konum belirleme, navigasyon, askeri savunma, ulaşım, deprem izleme, sağlık ve spor

gibi çeşitli alanlarda büyük önem taşımaktadır. Küresel Konumlandırma Sistemi (GPS)

ve Küresel Navigasyon Uydu Sistemi (GLONASS) gibi geleneksel konumlandırma

teknolojileri yaygın olarak kullanılırken, Bluetooth ve 5G haberleşme sinyalleri gibi

iletişim teknolojileri de mesafe değerlendirmesinden sonra çoklu yansıtma yoluyla

konum tahminine katkıda bulunur. Ayrıca, RadyoAlgılama ve Uzaklık Ölçme (RADAR)

teknolojileri, iletilen sinyallerin yansımasına dayanarak konumlandırma için yaygın

olarak kullanılmaktadır. Bununla birlikte, hedefler tarafından doğal olarak yayılan ses

ve yer titreşimi gibi alternatif sinyal türlerinden de konum belirleme için yararlanılabilir.

Sismik sensörler, nispeten düşük enerji tüketimi gerektirerek hedef tarafından algılan-

madan sinyalleri pasif olarak yakalama avantajı sunar. Sismik sensörlerin düşük

frekanslarda çalışması, düşük güç tüketimi ve ısı yayılımı avantajlarına rağmen, men-

zillerine sınırlamalar getirmektedir. En yaygın uygulamaları arasında trafik izleme,

demiryolu sağlık izleme, deprem erken uyarı, araç algılama ve sınıflandırma yer alırken,

sismik sensörlerle araç konumlandırma literatürde daha az araştırılmış bir alan olmaya

devam etmektedir. Bizim araştırmamız ister paletli ister tekerlekli olsun, kritik böl-

gelerden geçen askeri araçların konumlarının belirlenmesinde sismik sensör ağlarının

potansiyelini ortaya koymaya çalışmaktadır.

Çok sayıda konumlandırma yöntemi önerilmiş olmasına rağmen, sismik sensörler ağır-

lıklı olarak özellikle deprem izlemede yoğun yer hareketlerinin merkez üssünü belir-

lemek için kullanılmıştır. Ancak, bu yöntemlerin araç konumlandırma için uyarlanması,

arazi tipi, hava koşulları, araç hızı ve aks sayısı gibi faktörlerden kaynaklanan zorluk-

larla karşılaşır ve bunların tümü tespit edilen titreşim türünü etkiler. Bu çalışma, farklı

araçlar tarafından üretilen sismik sinyallerden RSS elde etmede mevcut yöntemlerin

kısıtlamalarını incelemektedir. Bu zorlukların üstesinden gelmek için, istatistiksel sinyal

işleme ve Uzun-Kısa Süreli Bellek tabanlı Evrişimsel Sinir Ağlarından yararlanan yeni

bir yaklaşım öneriyoruz. Bu yenilikçi metodoloji, sismik sensörler kullanarak araç

lokalizasyonu ile ilgili sınırlamaların üstesinden gelmeyi amaçlamaktadır.

Anahtar Kelimeler: Sismik Sensör Ağları, Konum Tespiti, Makine Öğrenmesi,

Evrişimsel Sinir Ağları, Uzun-Kısa Süreli Bellek, İstatistiksel İşaret İşleme.
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1. INTRODUCTION

In our technology-driven world, sensing and statistical analysis have become pivotal

across multiple facets of society. Sensors, indispensable in everyday routines and

military endeavors, serve the purpose of identifying, categorizing, locating, and tracking

targets. These strides stem from extensive research into natural phenomena, culminating

in the development of specialized devices. Perimeter security, a pivotal element in

military operations, relies on sensing and machine learning for its effectiveness, which

are outcomes of this extensive research. The need for highly reliable security systems

in military or highly secured buildings has shifted focus towards intruder detection

and classification systems, reducing reliance on security guard observations. Accurate

identification and categorization of military vehicles within battlegrounds or other

vehicles and trespassers within high-security compounds are in high importance for

remote sensing missions.

Conventional multimedia surveillance, particularly reliant on cameras, has long been

the primary approach [1], [2], but it has its drawbacks. Advanced infrared camera

systems, while dependable in darkness, come at a steep individual cost [3]. Additionally,

camera-centric security setups frequently suffer from blind spots due to limited angles,

leading to a demand for more cameras [4]. Moreover, the computational demands for

processing camera images are considerable. Although mobile computers can manage

image processing, their battery life constraints hinder continuous, prolonged image

processing [5].

Affordable options like acoustic, seismic, and magnetic sensors have greatly broadened

the range of perimeter security [6]–[11]. These sensors provide better signal quality,

accuracy, and cost effectiveness, transforming the technologies used for detection,

classifying, and pinpointing locations in wireless sensor networks.

Acoustic sensors convert physical air waves into electrical signals, presenting a varied

price range that accommodates diverse needs. They are widely used in detection

[12]–[14], classification [13], [15]–[19] and localization [20]–[27]. However, their

susceptibility to multiple surrounding noise sources poses challenges in noise filtration,

emphasizing the importance of a high Signal-to-Noise Ratio (SNR) in acquired data.
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On the other hand, seismic sensors detect the physical acceleration of fixed surfaces

and translate it into electrical signals. They share cost advantages with acoustic sensors

but encounter fewer noise sources. Seismic sensor networks are now commonly used

for tasks like early earthquake warnings, distinguishing between human and animal

behavior, recognizing human footsteps, and detecting, classifying and tracking vehicles.

Yet, their limitation lies in range, necessitating increased sensor deployment. Within

wireless sensor networks, optimizing resources like battery usage and bandwidth be-

comes crucial. Transmitting raw data or feature vectors escalates bandwidth usage and

becomes impractical. A prevalent strategy involves local decision-making at sensor

nodes, with these decisions relayed to a central fusion center for the final determination.

1.1. Motivation and Scope

Perimeter security holds a vital role in military operations, as previously outlined in

Section 1. Our approach, highlighted by its cost-effectiveness and resilience, integrates

seismic sensors. Our research centers on the detection and localization of tracked and

wheeled military vehicles within seismic sensor networks, an area that has garnered in-

creasing attention over the past two decades [28], [29]. This surge in interest underscores

the growing focus on addressing challenges related to vehicle detection, classification,

and localization within distributed networks. Key steps in our study include target

detection [29]–[32] and localization [29], [33]–[38]. Additionally, fusion techniques

[39]–[44], simulation studies on seismic behavior during vehicle passage [45]–[48], and

thesis research [49]–[55] are available in the existing literature.

The detection and classification of military vehicles depend on carefully selected datasets

[56]–[58]. The ease of accessing and collecting such specific datasets for military

vehicles varies, posing difficulties in obtaining complete datasets. Additionally, Gouda

et al. [59] have used Inertial Measurement Unit (IMU) data together with CNN to

determine robot positions in uniformly distributed sensor networks. Also, Yuan et

al. [60] introduced a method for 3-D indoor target localization using Passive Radio

Frequency (PRF) distribution.

The only publicly available dataset for this study is the third Sensor Information Tech-

nology (SensIT) Situational Experiment conducted by The Defense Advanced Research

2



Projects Agency (DARPA), yielding the noteworthy SensIT Situational Experiment

02 (SITEX02) dataset [57]. SITEX02 encompasses seismic, acoustic and passive in-

frared signals from two distinct types of military vehicles: The fully tracked Assault

Amphibious Vehicle (AAV) and the fully wheeled Dragon Wagon (DW). The DARPA

SensIT program emphasizes target detection and identification at the sensor field level

to augment remote situational awareness capabilities. Widely utilized in literature for

classification and detection purposes, this dataset includes ground truth trajectory data

recorded through Global Positioning System (GPS) transmitters, rendering it an exem-

plary benchmark for localization algorithms. Importantly, it stands out as the only freely

available dataset among comparable datasets.

Given the extensive research on classification and detection, exploring seismic signatures

for vehicle localization presents a unique challenge, especially in military contexts. Our

approach draws upon recent advancements in military vehicle localization methods to

demonstrate the potential of modeling seismic signatures for this purpose. While Li et

al. [61] briefly mentioned studies involving the SITEX02 dataset, localization specifics

remained unclear. Similarly, Kumar [62] investigated tracking using the SITEX01

dataset, but lacked detailed explanations. Boettcher et al. focused on localization using

the SITEX00 dataset [63]–[65], employing Time Difference of Arrival from an acoustic

standpoint. Brooks et al. [66] explored location-centric localization through acoustic

signatures, whileAshraf et al. employed Passive Infrared Sensors (PIR) for region-based

localization. Sheng et al. [67] investigated a combination of acoustic, seismic, and

PIR modalities for localization. Duarte et al. [68] examined the impact of distance on

detection, while Rahman [69] applied Optimized Maximum Likelihood with acoustic

signatures for localization. Le Borgne et al. [70] delved into distributed regression using

seismic signatures for target localization, and Sindhu [71] explored sensor node-wise

tracking, albeit without direct location measurement. Inspired by these studies, we

aim to leverage spatio-temporal seismic features and cutting-edge machine learning

techniques for regression to estimate target localizations within sensor clusters. Seismic

signatures offer robustness against noise, while modern machine learning algorithms

excel at extracting models from data.

3



1.2. Contributions

In this thesis study, our contributions to military vehicle detection and localization using

the SITEX02 dataset include:

• Examining the frequency domain response of seismic waves to determine the

most efficient frequency range for detection and localization tasks.

• Proposing a feature extraction algorithm for classification based on these analyses

and evaluating this algorithm on different classifiers.

• Investigating how seismic signals behave differently for various vehicles, such

as AAV and DW, on different types of roads. The road information is generated

from satellite images using GPS data from the SITEX02 dataset.

• Grouping closely located nodes for better detection based on distance. It is known

that three sensors are needed for localization with signal strength, so to improve

target localization, we combine data from these groups using spatio-temporal

domain seismic features.

• Employing a Convolutional Long-Short Term Memory (ConvLSTM) architec-

ture for better data interpretation with the spatio-temporal seismic features we

extracted.

• Examining how the length of time frames affects the accuracy of detection and

localization, since ConvLSTM uses both time and seismic features.

• Evaluating the detection and localization performance across different distances

between targets and sensors, ranging from 10 to 100 meters in 10-meter steps,

using GPS data. Comparing the results with previous studies.

1.3. Thesis Plan

The plan for the thesis is as follows:

In Chapter 2, we presented an overview of studies and state-of-the-art techniques, elu-

cidating them both visually and mathematically. We began with an introduction to

seismic sensors, followed by spectral estimation, a fundamental component of most

feature extraction methods. Subsequently, we delved into signal detection, empha-

4



sizing its significance in reducing operational costs and regression noise. Next, we

discussed classification, as regression with neural networks shares common elements

with classification. Finally, we reviewed literature related to localization within this

chapter.

In Chapter 3, we introduced the seismic dataset and conducted an investigation into the

frequency domain. We elucidated the rationale behind our architecture and presented our

feature extraction scheme, along with the detection-regression architecture employing

ConvLSTM for seismic node clusters.

In Chapter 4, we performed various tests on the data itself. However, the primary

focus of this chapter is to showcase the results of our proposed method. We conducted

different tests across various distance ranges and temporal lengths, comparing the noise

and accuracy of our proposed method.

Finally, in Chapter 5, we draw conclusions based on the studies conducted. Additionally,

we suggest potential future research directions to further advance the topics explored in

this dissertation.
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2. LITERATURE REVIEW

The groundwork for signal processing in ground sensor networks involves several

essential steps: preprocessing, feature extraction, detection and classification and/or

localization. While classification may not always be mandatory, we will delve into key

techniques as they have a connection with the localization process.

To initiate the process, a comprehensive understanding of sensor characteristics is im-

perative. Factors such as potential frequency attenuation below the sampling frequency

and around 0 Hz, as well as the possibility of integer sampling rather than floating point,

need consideration. Preprocessing measures, including downsampling and bitwidth

compression, may be necessary prior to advancing through subsequent stages. This

aspect is detailed in Section 2.1.

Subsequently, the focus shifts to feature extraction. Manymethods rely on the conversion

from the temporal to the frequency domain. Temporal domain feature extractionmethods

tend to be largely statistical, while Wavelet decomposition integrates both temporal and

frequency domains to derive features. Further elaboration on this topic can be found in

Section 2.2.

The third step involves detection, which is crucial for distinguishing between background

signals and the actual signal relevant to the use case. Detection methods can leverage

those outlined in Section 2.2, but specific techniques related to detection are expounded

upon in Section 2.3.

Moving forward, the fourth step revolves around localization. Following the aforemen-

tioned steps, a timeframe with detected events emerges, applicable for classification

(refer to methods in Section 2.4) and, predominantly, localization. Here, localization

pertains to estimating the relative position of the target in relation to sensor nodes,

detailed in Section 2.5.
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2.1. Seismic Sensor Types

Since our study is in seismic sensor networks, this section will introduce the types

of seismic sensor used in literature [56]–[58]. We will consider three examples from

seismic sensor types: SM24 geophone, MMA7361 accelerometer and MiniSense 100

piezosensor. All of three sensors has their specific characteristics, advantages and

disadvantages. But the reason we mention them, to show there are different physical

methods to measure acceleration.

2.1.1. Geophone

A geophone serves as a device designed to transform ground movement, specifically

velocity, into voltage, which can then be recorded at a designated recording station.

The difference between the measured voltage and the baseline is termed the seismic

response. This seismic response is systematically analyzed to gain insights into the

structural characteristics of the Earth.

Magnet

Inertial
Mass

C
oil

Plate

Signal

Figure 2.1: Geophone cross section.

The SM24 geophone [72], crafted with precision, leverages I/O Sensor technology
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for optimal seismic exploration. Prioritizing low distortion and high specifications, it

guarantees high-fidelity data for 2-D and 3-D surveys. With an extended bandwidth

crucial for 2 ms/24-bit recording systems, Figure 2.1 presents the geophone’s chassis

and internal structure, offering insights into its design for seismic research.

H (s) =
Ks2

s2 + 2ωnaturalζs+ ω2
natural

(2.1)

The SM24 geophone is described by its transfer function as given in (2.1), in Laplace

domain. This function involves parameters such as the gain K=28.8, natural frequency

ωnatural=2π10 rad/s, and damping ratio ζ=0.69, designed for a 1000 Ω shunt resistance.

The aim is to achieve critical damping in the system, with a maximum correct frequency

ωmax=2π200 rad/s. Figure 2.2 displays the frequency response of the SM24 under

various shunt resistance configurations.
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Figure 2.2: SM24 geophone frequency response.

8



2.1.2. Inertial Measurement Unit

An accelerometer is a tool designed to quantify the proper acceleration of an object.

Proper acceleration denotes the acceleration, i.e., the rate of change of velocity, of the

object concerning an observer in free fall, specifically with respect to an inertial frame of

reference. It’s important to distinguish proper acceleration from coordinate acceleration,

which represents acceleration concerning a specific coordinate system, and this system

may or may not be undergoing acceleration itself.

Capacitance
Change

Moveable
Mass

Fixed Plates

Sp
ri

ng

Sp
ri

ng

Figure 2.3: Accelerometer integrated circuit structure.

The MMA7361 IMU [73] distinguishes itself as a capacitive micromachine accelerome-

ter, valued for its efficiency in power consumption and streamlined design. Equipped

with signal conditioning, self-test capabilities, and a g-Select feature, it offers the flexi-

bility to choose between two sensitivities: ±1.5g and ±6g. For an in-depth understanding,

Figure 2.3 provides insight into the internal structure, where capacitance change is the

measurement for acceleration.

H (s) =
Kωnatural

s+ ωnatural

(2.2)
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The MMA7361 IMU accelerometer is characterized by its transfer function presented in

(2.2) in the Laplace domain. It exhibits a gainK=0.8, a natural frequencyωnatural=2π300 rad/s,

a damping ratio ζ=0.01786, and a settling time Tstl=0.5 ms. The frequency response of

the this accelerometer is depicted in Figure 2.2.
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Figure 2.4: MMA7361 IMU frequency response.

2.1.3. Piezosensor

A piezoelectric sensor is a mechanism that employs the piezoelectric effect to gauge

variations in pressure, acceleration, temperature, strain, or force. It accomplishes this by

converting these physical changes into an electrical charge. For a detailed exploration,

refer to Figure 2.5, offering a glimpse into the internal structure of the piezosensor.

The Minisense 100 [74] is an economical cantilever-type vibration sensor that employs

a mass loading mechanism, enhancing sensitivity at lower frequencies. Featuring user-

friendly pins for easy installation and soldering, it offers both horizontal and vertical

mounting options, including a variant with reduced height.

The MiniSense 100 piezosensor generates a signal based on the force acting on strain

gauges due to mass vibration, as depicted in Figure 2.5. This phenomenon is charac-
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Figure 2.5: Piezosensor internal structure.
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Figure 2.6: MiniSense 100 piezosensor frequency response.

terized by its transfer function, expressed in the Laplace domain and given by (2.3).

The transfer function features a gain of K=1, a natural frequency ωnatural=2π75 rad/s, a

damping ratio of ζ=0.01786, and a settling time of Tstl=10 ms. The frequency response

of this accelerometer is illustrated in Figure 2.2.

H (s) =
Kω2

natural

s2 + 2ωnaturals+ ω2
natural

(2.3)
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2.2. Spectral Estimation

Spectral estimation serves as the cornerstone of feature extraction in time series detection

and classification. It facilitates the transformation of time series signals into spatial or

spatio-temporal formats, with each spatial output bin being considered orthogonal under

the assumption of no spectral leakage. This not only enables classifiers to efficiently

model input data but also reduces the required training time.

For the SITEX02 dataset, researchers have applied various feature extraction methods

that include both frequency domain and time domain approaches [57], [75], with a

notable emphasis on frequency domain features within the literature. The introduction

of Fast Fourier Transform (FFT) and Power Spectral Density (PSD) estimates via an

Autoregressive (AR) model by Li et al. [61] marked an early advancement for the

SITEX00 dataset. Following this, Duarte et al. employed coefficients from the Discrete

Fourier Transform (DFT) of acoustic and seismic signals for the SITEX02 dataset. In

another development, Kornaropoulos et al. implemented the 1-D Discrete Wavelet

Transform (DWT) [76]. Additionally, Wang et al. demonstrated the efficacy of sparse

representation, calculated through L1 minimization on MFCC data, exhibiting superior

performance [77]. Taheri et al. assessed the acoustic dataset using a time-varying

autoregressive stochastic model, providing qualitative performance evaluations [78]. In

a subsequent study, Wang et al. explored the use of Mel-Frequency Cepstral Coefficients

(MFCC) to derive multi-dimensional frequency spectrum features from acoustic sensors

[79]. Ghosh et al. extracted 43 features using multi-domain transformations, which they

optimized with Neighborhood Component Analysis (NCA) and Principal Component

Analysis (PCA), achieving enhanced classification results compared to utilizing all

features [80]. Finally, Kalra et al. introduced the Empirical Wavelet Transform (EWT)

as a novel feature extraction method [81].

In this section, the first method employed is Fourier transform, renowned for its simplic-

ity and widespread usage in spectral transformation. Building upon Fourier transform,

Welch’s method is then introduced, which involves segmenting time series into smaller

windows and averaging them.

The third approach, Wigner distribution, statistically averages small windows, yielding

smoother spectral responses. Unlike the Short Time Fourier Transform (STFT), it offers
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a spatio-temporal transformation.

Next, the autoregressive method is discussed. This method estimates a determined

amount of sinusoidal components from the time series without relying on Fourier

transform, characterizing its parametric nature.

Subsequently, the Multiple Signal Classification (MUSIC) method, another parametric

technique, is presented. Designed to extract desired sinusoidal components from the

noise subspace, it surpasses the autoregressivemethod in frequency accuracy, but lagging

behind in amplitude accuracy.

Finally, cepstral coefficients are explored. This method relies on predetermined filter

banks to extract specific frequency bands based on prior knowledge of the time series

signal. However, it operates in the cepstral domain rather than the spectral domain.

2.2.1. Discrete Fourier Transform

The Fourier Transform, or Continuous Fourier Transform (CFT), is a linear transfor-

mation represents a function in a manner describing its frequency components. This

transformation is derived from Fourier Series, specifically applicable to periodic signals.

For Fourier Series coefficients an where n ∈ Z, calculations are performed using (2.4)

for an input function ua (t) ∈ [−P/2, P/2], where t ∈ R and P ∈ N+. The synthesis

formula is provided in (2.5).

an =
1

P

∫ P/2

−P/2

ua (t) e
−j2π n

P
tdt (2.4)

ua (t) =
N−1∑
n=0

ane
j2π n

P
t (2.5)

CFT as defined in (2.6) can be formally derived from the analysis formula (2.4) by taking

the limit as P → ∞, concurrently with n
P
→ f [82], where f represents frequency with

Hz as the unit. Inverse Continuous Fourier Transform is provided in (2.7).

F{ua (t)} = Ua (f) =

∫ ∞

−∞
ua (t) e

−j2πftdt (2.6)

F−1{Ua (f)} = ua (t) =

∫ ∞

−∞
Ua (f) e

j2πftdf (2.7)
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We can sample the continuous function ua (t) at a rate of fs using u [n] = ua (n/fs),

where the sample index is denoted by n ∈ Z, and the sampling frequency is fs ∈ R+.

Subsequently, the Discrete Time Fourier Transform (DTFT) and its inverse can be

obtained using (2.8) and (2.9), respectively.

U (f) =
∞∑

n=−∞

u [n] e−j2π f
fs

n
(2.8)

u [n] =
1

fs

∫ fs/2

−fs/2

U (f) ej2π
f
fs

ndf (2.9)

We can express the N -Point DFT and its inverse using (2.10) and (2.11), respectively,

by discretizing the frequency variable f in the DTFT equations into N intervals. Here,

k ∈ N.

U [k] =
N−1∑
n=0

u [n] e−j2π n
N
k (2.10)

u [n] =
1

N

N−1∑
n=0

U [k] ej2π
n
N
k (2.11)

FFT denotes the efficient computation of the DFT using computers, a concept empha-

sized in various studies. Different approaches, such as the Cooley-Tukey algorithm [83]

designed for power-of-2 lengths and the Bluestein algorithm [84] applicable to arbitrary

lengths, along with hardware acceleration schemes [85]–[88], have been developed.

The FFT stands out as the most practical and efficient method for transforming signals

from the temporal domain to the frequency domain.

2.2.2. Welch’s Method

Welch’s method for PSD estimation is assuming that signal is m weakly stationary and

weakly ergodic, and calculating the mean PSD of overlapping segments of input signal.

1. First, we need to get rid of mean of input signal as in (2.12).

ũ [n] = u [n]− 1

N

N−1∑
n=0

u [n] (2.12)
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2. Then creating segments of ũ [n] with Novl < NFFT < N and Novl, NFFT ∈ N in

(2.13).

ũi [n] = ũ [(i− 1) (NFFT −Novl) + n]w [n] (2.13)

where w [n] is a window function while n < NFFT and n ∈ N.

Total number of segments will beNseg as in (2.14), where b·c is rounding to floor.

Nseg =

⌊
N −Novl

NFFT −Novl

⌋
(2.14)

3. Last step is taking DFT of each segment using (2.8) and getting average of them

as in (2.15), where Ũ∗
i [k] is complex conjugate of Ũi [k]. And PSD will be (2.15).

SUU [k] =
1

Nseg

Nseg−1∑
i=0

Ũ∗
i [k] Ũi [k] (2.15)

2.2.3. Wigner Distribution

TheWigner Distribution, originally proposed byWigner [89] for quantum corrections to

statistical mechanics. Its importance is underscored by its dual capability: it transitions

seamlessly into the spectral density function for stationary processes at any time, while

also maintaining full equivalence to the non-stationary autocorrelation function. This

dual functionality of theWigner Distribution provides valuable insights into the temporal

evolution of spectral density.

We omit the mention of STFT, as it primarily involves windowing the input signal and

applying Fourier Transform. Instead, we focus on the Wigner Distribution, which yields

results with reduced noise.

For zero-mean input signal ua (t), Wigner distribution given in (2.16), where u∗a (t)

represents the complex conjugate of input signal.

SUU (t, f) =

∫ ∞

−∞
ua

(
t+

τ

2

)
u∗a

(
t− τ

2

)
e−j2πfτdτ (2.16)
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2.2.4. Autoregressive Model

The Autoregressive Model (AR) employs a regression approach on lag series derived

from the initial time series. Unlikemultiple linear regression, which predicts the outcome

as a linear combination of various independent input variables, the autoregressive model

predicts future data points using only past observations. Specifically, the output is

formulated as a linear combination of the previous p data points, where p indicates the

size of the lagwindow. Thismodel is fundamentally grounded in theWold decomposition

theorem [90], which provides the theoretical underpinning for AR models.

The AR model incorporates feedback coefficients ak in (2.17) for z-domain represen-

tation of an Infinite Impulse Response (IIR) filter, with the feedforward coefficient

bk = σ2δ [k]. Here, p+ 1 represents the count of AR model parameters, and σ2 denotes

the white-noise variance.

H [z] =
HB [z]

HA [z]
=

σ2∑p
k=0 akz

−k
(2.17)

Autocorrelation Function (ACF) is a crucial element in estimating the AR parameters of

a wide-sense stationary process, described in (2.18). Here, u∗ [n] denotes the complex

conjugate of the input sequence u [n], and E [·] represents the expected value operator.

ruu [k] = E [u∗ [n] u [n+ k]] (2.18)

The relations for AR and ACF are given in (2.19).

ruu [k] =

−
∑p

l=1 alruu [k − l] if k ≥ 1

σ2 −
∑p

l=1 alruu [−l] if k = 0

(2.19)

The Yule-Walker equations, proposed by Yule and Walker [91], [92], are considered a

highly effective method for determining filter coefficients ak in an AR model with low

noise variance [93]. Hence, (2.19) has been termed Yule-Walker equations for k ≥ 1

in (2.20) and k = 0 in (2.21), where ruu
∗ [k] = ruu [−k]. This approach is particularly
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effective when dealing with low noise variance scenarios.


ruu [0] ruu

∗ [1] . . . ruu
∗ [p− 1]

ruu [1] ruu [0] . . . ruu
∗ [p− 2]

...
...

. . .
...

ruu [p− 1] ruu [p− 2] . . . ruu [0]




a1

a2
...

ap

 = −


ruu [1]

ruu [2]
...

ruu [p]

 (2.20)


ruu [0] ruu

∗ [1] . . . ruu
∗ [p]

ruu [1] ruu [0] . . . ruu
∗ [p− 1]

...
...

. . .
...

ruu [p] ruu [p− 1] . . . ruu [0]




1

a1
...

ap

 =


σ2

0
...

0

 (2.21)

Determining the process parameter p and the autocorrelation function ruu [k] for the input

signal allows us to obtain AR model parameters σ2 and ak. This is achieved by solving

equations (2.20) and (2.21), with the condition a0 = 1 based on the model definition.

With these parameters in hand, we can then estimate the PSD SUU using equation (2.22).

SUU (f) =
σ2

|1 + a [1] e−j2πf + a [2] e−2(j2πf) + . . .+ a [p] e−p(j2πf)|2
(2.22)

2.2.5. Multiple Signal Classification

The differences between the MUSIC algorithm and the AR model stem from their

distinct analytical approaches. The AR model utilizes autocorrelation with variable lag

amounts to forecast future data points. In contrast, MUSIC applies spectral analysis

and matrix algebra. This technique capitalizes on the orthogonal properties of signals

within noise subspaces. Consequently, MUSIC achieves greater accuracy in frequency

location estimation but falls short in amplitude estimation.

The signal model is described in (2.23), where u [n] denotes the complex-valued sinu-

soidal. Here, Ai indicates amplitudes and fi indicates frequencies, respectively. The

term n [n] represents additive observation noise. Assuming that n [n] is white noise with

a variance of σ2, as is typically done, the covariance of the signal x is presented in
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(2.24).

u [n] = n [n] +
K−1∑
i=0

Aie
j2πfin (2.23)

RUU = σ2 +
K−1∑
i=0

|Ai|2êiêHi (2.24)

where

êi =
[
1, ej2πfi , . . . ej2πfi(M−1)

]T
(2.25)

andM > K, eHi is Hermitian i.e. complex conjugate and transpose of êi.

The MUSIC algorithm applies eigen-decomposition to the covariance matrix RUU to

estimate frequencies. These frequencies are identified at the K highest peaks of the

PSD, detailed in (2.26). This PSD is known as the pseudo-spectrum because it aids in

detecting sinusoidal components within the analyzed time series, although it is not an

exact representation of a true PSD.

SUU (f) =
1

eH(
∑M

k=K+1 vkv
H
k )e

(2.26)

where

e =
[
1, ej2πf , . . . ej2πf(M−1)

]T
(2.27)

In (2.27), vk represent the eigenvectors of RUU, which correspond to its eigenvalues

arranged in descending order.

2.2.6. Cepstral Coefficients

Cepstral coefficients phenomenon has a wide application field in audio based recognition

studies. MFCC [94], [95] is the most used method for audio recognition [77], [79], [96].
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Mel-Frequency is not suitable for low frequency signals like seismic ones because they

are specialized for audio recognition so. Thus, Linear Frequency Cepstral Coefficients

(LFCC) [97] and Inverse Mel-Frequency Cepstral Coefficients (IMFCC) [98] are more

suitable for seismic researches. Also, Log-Sigmoid Frequency Cepstral Coefficients

(LSFCC) is another and new approach for seismic recognition too [99]. Flow of cepstal

coefficient extraction is given below.

1. Apply pre-emphasis filter

ũ [n] = u [n]− 0.95u [n− 1] (2.28)

2. Create segments of ũ [n] with Novl < NFFT < N and Novl, NFFT ∈ N in (2.29).

ũi [n] = ũ [(i− 1) (NFFT −Novl) + n]w[n] (2.29)

where w [n] is a window function while n < NFFT and n ∈ N.

Total number of segments will beNseg as in (2.14), where b·c is rounding to floor.

Nseg =

⌊
N −Novl

NFFT −Novl

⌋
(2.30)

3. Get PSD of the segments

SUiUi
[k] = Ũ∗

i [k] Ũi [k] (2.31)

4. Followings are mapping and inverse mapping functions for Mel space(2.32)

(2.33), inverse Mel space (2.34) (2.35) or linear space (2.36), where ωs is radial

sampling frequency.

ωMFCC = fMFCC
map (ωlinear) =2π1125 log10

(
1 +

ωlinear

2π700

)
(2.32)

ωlinear = fMFCC
invmap (ωMFCC) =2π700

(
10

ωMFCC
2π1125 − 1

)
(2.33)
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ωIMFCC = fIMFCC
map (ωlinear) =f

MFCC
map

(ωs

2

)
− fMFCC

map

(ωs

2
− ωlinear

)
(2.34)

ωlinear = fIMFCC
invmap (ωIMFCC) =

ωs

2
− fMFCC

invmap

(
fMFCC
map

(ωs

2

)
− ωIMFCC

)
(2.35)

ωLFCC = fLFCCmap (ωlinear) =ωlineear (2.36)

ωlinear = fLFCCinvmap (ωLFCC) =ωLFCC (2.37)

5. To construct the filter bank, it is necessary to generate an array of L+2 equidistant

frequencies denoted as wnew as in (2.38). These frequencies span between the

transformed minimum and maximum frequencies, fmap (ωmin) and fmap (ωmax),

respectively. Here, L represents the size of filter bank, ωmin is 0 rad/s, and ωmax is

defined as ωs

2
. For discrete frequencies, we will use (2.39).

wnew = fmap

([
0,

1

L+ 1
,

2

L+ 1
,

3

L+ 1
, . . . ,

L

L+ 1
, 1

]
ωs

2

)
(2.38)

knew = NFFT
wnew

ωs

(2.39)

6. Obtain each filter in the bank of range 0 < l < L using (2.40), where knewl−1 ∈ knew.

Filter bank examples for LFCC, MFCC and IMFCC are given in Figure 2.7,

Figure 2.8 and Figure 2.9 respectively.

Hl [k] =



0 , if k < knewl−1

k−knewl−1

knewl −knewl−1
, if knewl−1 ≤ k < knewl

knewl+1−k

knewl+1−knewl
, if knewl ≤ k < knewl+1

0 , if knewl+1 ≤ k

(2.40)

7. Apply the filter bank to the PSD, sum the energy in each filter. Then take the

natural logarithm of all filter bank energies.

SfiltUiUi
[l] = ln

Nfft−1∑
k=0

|Hl [k]SUiUi
[k]|

 (2.41)
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Figure 2.7: Linear filter bank for fs = 44100 Hz with 6 filters.
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Figure 2.8: Mel filter bank for fs = 44100 Hz with 6 filters.

8. Calculate the Discrete Cosine Transform II (DCT-II) of the logarithmic energies.

DCTII
{
SfiltUiUi

[l]
} [

l̃
]
=

L−1∑
l=0

SfiltUiUi
[l] cos

[
π

L

(
l +

1

2

)
l̃

]
(2.42)

where 0 ≤ l, l̃ ≤ L− 1, and l, l̃ ∈ N.
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Figure 2.9: Inverse Mel filter bank for fs = 44100 Hz with 6 filters.

Outputs of (2.42) are named cepstral coefficients. Unlike PSD, they do not directly

represent the energies of frequency bands, but they are closely related.

2.3. Signal Detection

Signal detection is imperative for discerning the task-related component within a signal

for subsequent processing. Detection indicates the occurrence of an event within a signal.

Ideally, signal detection should consume less power than classification or regression.

Numerous studies in the literature have investigated the detection of various events

for security purposes. For instance, there are studies on vehicle detection [100]–[104],

pedestrian detection [47], [105]–[112], pedestrian-vehicle detection [39], [113]–[120],

and earthquake and microseismic event detection [121]–[127].

In the literature specific to the SITEX02 dataset, various studies have utilized different

techniques. Li et al. applied the Constant False-Alarm Rate (CFAR) technique alongside

the Closest Point of Approach (CPA) within a virtually gridded sensor network, though

their study was actually on the SITEX00 dataset [61]. Tian et al. introduced the

use of wavelets for detection through Spectral Statistics and Wavelet Coefficients

Characterization (SSWCC) [128]. Duarte et al. utilized the k-Nearest Neighbors (kNN)

method for event detection in military settings [57]. Keally et al. developedWatchdog, a
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modality-agnostic event detection framework that clusters sensors using Hidden Markov

Models (HMM) to meet specific detection accuracy requirements while reducing energy

use significantly [129]. Kalra et al. examined the effectiveness of the Smooth Pseudo

Wigner-Ville Distribution (SPWVD) in detecting moving military vehicles [130], [131].

Other studies employing SPWVDwere conducted byAbidi et al. [132] and Nathani et al.

[133]. Additionally, Bin et al. compared Seismic Fractal Features with the Short/Long

TimeAverage Ratio (STA/LTA) and a Fractal Dimension-based Support Vector Machine

(FD-SVM) for ground moving target detection [134].

In this section, we will first introduce CFAR, one of the most popular detection al-

gorithms. Subsequently, Phase-only Correlation (POC) and Fast Normalized Cross-

Correlation (FNCC) will be introduced. These algorithms, along with the other studies

mentioned in the previous paragraphs, contribute diverse approaches to vehicle detec-

tion. Detection, from a machine learning perspective, involves two-class classification,

which will be discussed in Section 2.4.

2.3.1. Constant False-Alarm Rate

CFAR detectors are predominantly utilized in radar signal processing. The most rec-

ognized CFAR methods include Cell-Averaging CFAR (CA-CFAR), Least-of CFAR

(LO-CFAR), and Greatest-of CFAR (GO-CFAR). Among these, the CA-CFAR detector

[135], [136] is likely the most widely used.
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Figure 2.10: One dimensional CFAR representation.

In a CA-CFAR detector, both the leading and lagging samples, known as training cells,

which around the test sample, used for extracting the noise samples. The estimated

noise power, Pnoise, is computed as outlined in (2.43), whereNtrain represents the number

of training cells, and u [ntrain] denotes the sample in the training cells as shown in
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Figure 2.10.

Pnoise =
1

Ntrain

∑
ntrain∈Training Cells

u [ntrain] (2.43)

The threshold is given by (2.44), where Pfa represents the desired false alarm rate.

TCFAR = Ntrain

(
P

− 1
Ntrain

fa − 1

)
Pnoise (2.44)

For test sample u [ntest] in Figure 2.10, CFAR detector function can be written as (2.45).

CA-CFAR for u [ntest] =

Non-Detect , if u [ntest] ≤ TCFAR

Detect , if u [ntest] > TCFAR

(2.45)

2.3.2. Phase-Only Correlation

POC [137], [138] phenomenon is a method which is being widely used in image reg-

istration [139], [140] and micro-seismic event detection [121], [124], [125]. POC is

based on phase change of images which has the same magnitude spectrum. One di-

mensional POC r (t) is given by (2.46) for input Fourier spectrums U1 (f) and U2 (f)

corresponding to stationary input waveforms u1 (t) and u2 (t), which are same but with

different spatial-shift amounts τ1 and τ2, respectively. U2
∗ (f) is the complex conjugate

of U2 (f).

r (t) = F−1

{
U1 (f)U2

∗ (f)

|U1 (f)U2
∗ (f)|

}
= F−1

{
ej2πf(τ1−τ2)

}
= δ (t+ (τ1 − τ2)) (2.46)

If we think (2.46) in discrete form for stationary input waveforms u1 [n] and u2 [n],

which are same but with different sample-shift amounts ñ1 and ñ2, respectively, we

obtain (2.47).
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r [n] = F−1

{
U1 [k]U2

∗ [k]

|U1 [k]U2
∗ [k]|

}
= F−1

{
ej

2πk
N

(ñ1−ñ2)
}
= δ [n+ (ñ1 − ñ2)] (2.47)

2.3.3. Fast Normalized Cross-Correlation

FNCC [141] is a temporal method used for image registration. We denote stationary

input waveforms as u1 [n] and u2 [n], where u1 [n] is considered a patch with size N1,

and u2 [n] has size N2. It is assumed that N1 ≤ N2. Normalized Cross-Correlation

(NCC) is computed as shown in (2.48), where µu1[ñ] represents the mean of u1 [n] around

the lag ñ.

γ [ñ] =

∑N1−1
0

[(
u1 [n− ñ]− µu1[ñ]

)
(u2 [n]− µu2)

]√∑N1−1
0

(
u1 [n− ñ]− µu1[ñ]

)2∑N1−1
0 (u2 [n]− µu2)

2
(2.48)

From the output of (2.48), we anticipate observing a Dirac delta function at the shift

between two input images if these images are identical or similar enough. Otherwise,

we would likely observe an approximately uniform distribution along the sample axis of

r [n]. The vector γ [ñ] has a length of 2N1 − 1, and its center represents the no-lag point.

If u1 [n] and u2 [n] are identical at lag point ñ, we expect to see a Dirac delta function.

2.4. Classification

Classification serves as a decision-makingmechanism through a learned function derived

directly from the data. Detection can be seen as a form of two-class classification

simultaneously. We predominantly employ classification to establish distinguishing

mechanisms directly from the data, rather than analytically formulating it. For a classifier,

we have an input tensor composed of features and an output tensor of classes.

Similarly, numerous studies in the literature have explored the detection of various

events. Some target groups for classification include pedestrians [106], [108], [112],

[142], [143], vehicles [18], [40], [99], [104], [133], [144]–[147], pedestrian-vehicle

interactions [113], [115]–[117], [148]–[150], and earthquake and microseismic events

[151], [152].
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In the SITEX02 dataset-specific literature, Li et al. introduced kNN, Bayesian Classi-

fier with Gaussian Mixture Models (GMM) and Support Vector Machine (SVM) for

SITEX00 [61]. Similarly, Duarte et al. utilized the same methods with only FFT for the

SITEX02 dataset [57]. Kim et al. proposed a decision tree of GMMs, where the outputs

are normalized by measurement length, generated by the Classification and Regression

Tree (CART) algorithm [153], utilizing tree outputs for sensor fusion. On a different

approach, Guo et al. introduced a Hybrid Dictionary Learning (HDL) approach [96],

which utilizes both analysis and synthesis dictionaries for generating discriminative

codes and achieving class-specific reconstruction, showcasing improved performance

in terms of time consumption and classification. Wang et al. introduced Fisher Dis-

crimination Dictionary Learning (FDDL) in [79], leveraging the Fisher discrimination

criterion, demonstrating its superiority, particularly with small amount of training sam-

ples, outperforming the widely used SVM. Moreover, Ntalampiras introduced an Echo

State Network (ESN)-based classifier [154], rooted in Reservoir Network (RN), demon-

strating its superiority over a HMM-based classifier. Jin et al. proposed using LFCC

with Convolutional Neural Networks (CNN) and showed it outperforms FFT with CNN

for classification [155]. Zhang et al. proposed wavelet-based feature extraction, demon-

strating its outperformance over FFT [156]. Jin proposed Weighted Intrinsic Mode

Functions (WIMF) for improving MFCC performance [157]. Bin et al. introduced an

edge intelligence-based approach called Compressed Sensing - Edge Convolutional

Neural Network (CS-ECNN). In this method, seismic signals are initially transformed

into a compressed domain via Compressed Sensing (CS) to lower data dimensions

while preserving most of the valuable seismic features. Subsequently, a CNN is used

to directly extract implicit features from these compressed seismic measurements and

classify, which reduces computation time [158].

This section begins with an exploration of the Multilayer Perceptron, a fundamental

component of neural networks. We then proceed to discuss Convolutional Neural

Networks, which can diminish time-source consumption and enhance the generalization

of input tensors, often assumed to be orthogonal, such as photos.

Following this, we delve into Recurrent Neural Networks, which incorporate temporal

dynamics into neural networks. Additionally, we introduce the convolutional variants

of these Recurrent Neural Networks.
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2.4.1. Multilayer Perceptron

Multilayer Perceptron (MLP) is multilayered feedforward neural network topology as

can be seen in Figure 2.11. It is the widely used structure for machine learning tasks

like regression and classification. It is the main idea behind most of the state-of-art

neural network topologies like CNN [159], Recurrent Neural Networks (RNN) [160]

and Attention Mechanism [161].

Most basic perceptron node equation can be defined as in (2.49) and (2.50),

ô(m)

[
n(m)

]
=wbias

(m−1)

[
n(m)

]
+

N(m−1)−1∑
n(m−1)=0

o(m−1)

[
n(m−1)

]
w(m−1)

[
n(m−1), n(m)

] (2.49)

o(m)

[
n(m)

]
=fact

(
ô(m)

[
n(m)

])
(2.50)

where m is layer number, n(m), N(m) node index and count of nodes in layer m re-

spectively. w(m−1)

[
n(m−1), n(m)

]
is weight vector of layerm and wbias

(m−1)

[
n(m)

]
is bias

weight. fact (·) is activation function to provide nonlinearity to the network.

Only for layer 0, the input layer, there are no weights, else there is weight relation

between layers. o(0)
[
n(0)

]
is the input vector, and o(M)

[
n(M)

]
is the output vector of

the network.

Every MLP architecture requires training from well-labeled dataset. Weights can be

calculated from output layer to input layer with following equations which is also called

Stochastic Gradient Descent [162], where λ called as learning rate. Let’s assumeM − 1

as the last layer. We can define Qm error variable from (2.51)

Q(M) =
1

2

N(M)∑
n(M)=0

(
oGT(M)

[
n(M)

]
− o(M)

[
n(M)

])2

(2.51)

where oGT(M) is ground truth. The last layers error propagation δ(M)

[
n(M)

]
can be ex-

pressed as in (2.52), where fact
′ is first order derivative respecting to ô(M).

27



⋮

⋯

⋯

⋯

⋯

⋮

1

o 0 [𝑛 0 ] o 𝑀 [𝑛 𝑀 ]

⋮ ⋮

1

o 𝑚−1 [𝑛 𝑚−1 ] o 𝑚 [𝑛 𝑚 ]

w 𝑚−1 [0,0]

⋯

⋯

⋯

⋯

Input
layer

Output
layerHidden layers

11

N
od

es
Bi

as

Figure 2.11: Multilayer perceptron graph.

δ(M)

[
n(M)

]
= −

(
oGT(M)

[
n(M)

]
− o(M)

[
n(M)

])
fact

′ (ô(M)

[
n(M)

])
(2.52)

Then (2.52) can be generalized for rest of the layers as in (2.53). But do not forget,

we must have already calculated next error propagation δ(m+1)

[
n(m+1)

]
for calculating

current one δ(m)

[
n(m)

]
.

δ(m)

[
n(m)

]
= −

 N(m+1)∑
n(m+1)=0

δ(m+1)

[
n(m+1)

]
w(m)

[
n(m), n(m+1)

]
fact

′ (ô(m)

[
n(m)

]) (2.53)

Then we can update the weights using (2.54).

w
update

(m)

[
n(m), n(m+1)

]
= w(m)

[
n(m), n(m+1)

]
− λδ(m)

[
n(m)

]
o(m)

[
n(m)

]
(2.54)

This weight updating progress should be iterative until Q(M) converges to a certain

value determined by user, according to the use case.
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2.4.2. Convolutional Neural Networks

The MLP is described in Section 2.4.1. CNN is a type of classifier that comprises two

main parts: the convolutional network and the MLP. The convolutional part serves

to reduce connections and weights, addressing computational complexity. CNNs are

widely employed in image recognition applications, but they can also be utilized with

orthogonal and frequency domain transforms of time series such as the DFT, DCT-II,

and DWT.

Convolutional layers in CNNs are composed of a grid of neurons, necessitating that

the preceding layer also be a grid of neurons. Each neuron receives inputs from a

rectangular portion of the prior layer, with identical weights applied to this portion for

every neuron in the convolutional layer. As a result, the convolutional layer executes an

image convolution of the preceding layer, with the weights defining the convolution filter.

Moreover, within each convolutional layer, there could be numerous grids, wherein each

grid obtains inputs from all the grids in the prior layer, potentially employing diverse

filters.

Convolutional layer equation can be defined as in (2.55) and (2.56), the graph can be

seen in Figure 2.12.

Ô
c(m)

(m) =Wbias
(m−1)

[
c(m)

]
+

C(m−1)−1∑
c(m−1)=0

O
c(m−1)

(m−1) ?W(m−1)

[
c(m−1), c(m)

]
(2.55)

O
c(m)

(m) =fact

(
Ô

c(m)

(m)

)
(2.56)

where m is layer number, c(m), C(m) channel index and count of channels in layer m

respectively. W(m−1)

[
c(m−1), c(m)

]
is kernel tensor of layer m and Wbias

(m−1)

[
c(m)

]
is

bias weight. fact (·) is activation function to provide nonlinearity to the network.

There are three main concepts in CNN: Convolution, pooling, flatten, MLP. Each

convolution layer has specific amount of filters, these are feature extractors from input

image. Convolution layer also has an activation function to create nonlinearity and

rectified linear unit (ReLU) [163] is the most common one for information preserving
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Figure 2.12: Convolutional network graph.

property and being fast on graphical processing units (GPU). After each convolution

layer, usually there is a pooling layer to reduce image resolution for getting more general

images to extract general features. At the end of convolution-pooling sequence, there

is a flattening layer to make features suitable for input of fully connected layer a.k.a.

multilayer perceptron. After flattening, multilayer perceptron learns from features and

classifies the input image. You Only Look Once v3 (YOLOv3) [164] is a great example

for CNN usage.

This concept is proposed for getting rid of hand made features and extracting features

automatically from input images. There are several architectures like LeNet-5 [165],

AlexNet [166], VGG-1 [167], Inception-v1 [168], Inception-v3 [169], ResNet-50 [170],

Xception [171], Inception-v4 [172], ResNeXt-50 [173] etc. which uses and advances

this concept.

2.4.3. Recurrent Neural Networks

RNN, and Long-Short Term Memory (LSTM) and Gated Recurrent Units (GRU) net-

works are all popular choices for handling sequential data in deep learning [160]. Each

architecture comes with its own cons and pros for different types of tasks.

RNNs are the most fundamental of the three, designed to process sequences of data

30



𝐡 𝑛 − 1

u 𝑛

𝐡 𝑛

o 𝑛

tanh

Figure 2.13: RNN cell.

by passing information from one step to the next. As can be seen from Figure 2.13,

the difference from MLP node is RNN cells have history record. However, they suffer

from the vanishing gradient problem, which limits their ability to capture long-term

dependencies in sequences. As a result, RNNs often struggle to retain information over

long distances within a sequence, which can hinder performance on tasks requiring such

memory, such as language translation or speech recognition.

Equations for RNN cell are given for hidden state in (2.57),

h[n] = tanh(bh +Whu · u[n] +Whh · h[n− 1]) (2.57)

Output gate in (2.58),

o[n] = bo +Woh · h[n] (2.58)

where u[n] input vector at sample step n. Also,Whu,Whh,Woh are weight matrices,

and bh, bo bias vectors which are all learned during training.
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Figure 2.14: LSTM cell.

To overcome the vanishing gradient problem of RNNs, LSTM networks were introduced.

LSTM networks incorporate specialized memory cells that can maintain information

over long sequences, making them particularly effective for tasks involving long-term

dependencies. These memory cells are equipped with input, forget, and output gates,

allowing the network to selectively update and retain information. This gating mech-

anism enables LSTMs to better capture context and relationships within sequential

data, leading to improved performance on tasks like speech recognition and sentiment

analysis.

Equation for LSTM cell are given for forget gate, which controls how much of the

previous cell state to retain or forget, in (2.59),

f[n] = sigmoid(bf +Wf · concat(h[n− 1],u[n])) (2.59)

Input gate, controls amount of new information should be stored in cell state, in (2.60),

i[n] = sigmoid(bi +Wi · concat(h[n− 1],u[n])) (2.60)
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Candidate cell state, holds the new information to be added to the cell state, in (2.61),

c̃[n] = tanh(bc +Wc · concat(h[n− 1],u[n])) (2.61)

Update cell state, which is updated by combining the previous cell state with the new

candidate cell state with forget gate controlling how much of the previous state to retain

and the input gate controlling how much new information to add, in (2.62),

c[n] = f[n]� c[n− 1] + i[n]� c̃[n] (2.62)

Output gate, which determines how much of the updated cell state should be output as

the hidden state, in (2.63),

o[n] = sigmoid(bo +Wo · concat(h[n− 1],u[n])) (2.63)

Hidden state in (2.64),

h[n] = o[n]� tanh(c[n]) (2.64)

where u[n] input vector at sample step n. Also,Wf,Wi,Wc,Wo are weight matrices,

and bf, bi, bc, bo bias vectors which are all learned during training. The operator �

element-wise multiplication.

GRU networks, similar to LSTMs, are designed to address the vanishing gradient

problem using gating mechanisms. However, GRUs are computationally less complex

than LSTMs because they have fewer parameters and lack separate memory cells. GRUs

feature an update gate, which combines the functions of the input and forget gates, and

they merge the cell state and hidden state into a single state. This streamlined architecture

makes GRUs more efficient to train, often resulting in quicker convergence compared

to LSTMs.
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Figure 2.15: GRU cell.

Equation for GRU cell are given for update gate, which controls the amount of recent

information to keep and amount of the new input to let through, in (2.65),

z[n] = sigmoid(bz +Wz · concat(h[n− 1],u[n])) (2.65)

Reset gate, which determines amount of the recent information to forget, in (2.66),

r[n] = sigmoid(br +Wr · concat(h[n− 1],u[n])) (2.66)

Candidate activation, which computes the new candidate hidden state, in (2.67),

h̃[n] = tanh(bh +Wh · concat(r[n]� h[n− 1],u[n])) (2.67)

Hidden state in (2.68),

h[n] = (1− z[n])� h[n− 1] + z[n]� h̃[n] (2.68)
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where u[n] input vector at sample step n. Also,Wr,Wz,Wh are weight matrices, and br,

bz, bh bias vectors which are all learned during training. The operator � element-wise

multiplication.

All equations for different recurrent cell describe the flow of information through a

single RNN unit at each sample step n in a sequence. As default, we can accept c[0] = 0

and h[0] = 0 as initial states, when training a model from scratch.

While RNNs are the simplest and most basic architecture for sequential data processing,

they often struggle with long-term dependencies. LSTMs address this issue by incor-

porating sophisticated memory cells with separate gates for controlling information

flow. GRUs offer a simpler alternative to LSTMs, achieving comparable performance

with fewer parameters and less computational complexity. The choice between these

architectures depends on factors such as the specific task, dataset size, computational

resources, and desired trade-offs between model complexity and performance.

2.4.4. Convolutional Recurrent Neural Networks

ConvLSTM [174] and Convolutional GRU (ConvGRU) [175] are both specialized

architectures designed to process spatiotemporal data efficiently, each with its unique

advantages. ConvLSTM built on the mechanism of Fully Connected LSTM (FC-LSTM)

[176] by incorporating convolutional operations, maintaining a memory cell and gates

to manage the flow of data. This architecture is particularly effective in capturing

long-term dependencies and precise temporal relationships in sequences, making it

well-suited for tasks such as video prediction and action recognition where modeling

complex dynamics is essential. ConvLSTM cell is given in Figure 2.16, and ConvGRU

in Figure 2.17.

Equation for ConvLSTM cell are given for forget gate, which determines amount of the

previous cell state to retain or forget, in (2.69),

F[n] = sigmoid(bF +WUF ? U[n] +WHF ?H[n− 1] +WCF � C[n− 1]) (2.69)
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Figure 2.16: ConvLSTM cell.

Input gate, controls amount new information should be stored in cell state, in (2.70),

I[n] = sigmoid(bI +WUI ? U[n] +WHI ?H[n− 1] +WCI � C[n− 1]) (2.70)

Candidate cell state, represents the new information to be added to cell state, in (2.71),

C̃[n] = tanh(bC +WUC ? U[n] +WHC ?H[n− 1]) (2.71)

Update cell state, which is updated by combining the previous cell state with the new

candidate cell state with forget gate controlling amount of the previous state to retain

and the input gate controlling amount new information to add, in (2.72),

C[n] = F[n]� C[n− 1] + I[n]� C̃[n] (2.72)

Output gate, which controls amount of the updated cell state should be output as the

hidden state, in (2.73),
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O[n] = sigmoid(bO +WUO ? U[n] +WHO ?H[n− 1] +WCO � C[n− 1]) (2.73)

Hidden state image in (2.74),

H[n] = O[n]� tanh(C[n]) (2.74)

where U[n] input image at sample step n. Also, WUF, WHF, WCF, WUI, WHI, WCI,

WUC, WHC, WUO, WHO, WCO are weight matrices, and bF, bI, bC, bO bias vectors

which are all learned during training. The operator � element-wise multiplication.
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Figure 2.17: ConvGRU cell.

On the other hand, ConvGRU introduces convolutional operations into the GRU ar-

chitecture, utilizing reset and update gates to control information flow. Compared to

ConvLSTM, ConvGRU typically offers a simpler computational structure, making it

more efficient for training and inference. This efficiency makes ConvGRU a preferred

choice for applications where computational resources are limited, while still main-
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taining the capability to capture spatial and temporal dependencies effectively, such as

video processing and spatiotemporal data analysis.

Equation for ConvGRU cell are given for update gate, which controls amount of the

past information to keep and amount of the new input to let through, in (2.75),

Z[n] = sigmoid(bZ +WUZ ? U[n] +WHZ ?H[n− 1]) (2.75)

reset gate, which controls amount of the past information to forget, in (2.76),

R[n] = sigmoid(bR +WUR ? U[n] +WHR ?H[n− 1]) (2.76)

candidate activation, which computes the new candidate hidden state, in (2.77),

H̃[n] = tanh(bH +WUH ? U[n] + R[n]� (WHH ?H[n− 1])) (2.77)

hidden state image in (2.78),

H[n] = (1− Z[n])�H[n− 1] + Z[n]� H̃[n] (2.78)

where U[n] input image at sample step n. Also,WUR,WHR,WUZ,WHZ,WUH,WHH

are weight filters, and bR, bZ, bH bias vectors which are all learned during training. The

operator ? convolution and � element-wise multiplication.

Ultimately, the choice of ConvLSTM and ConvGRU changes with specific requirements

of the task. ConvLSTM may be preferred for tasks that demand precise modeling of

long-term dependencies, while ConvGRU might be favored in scenarios where compu-

tational efficiency is a primary concern without sacrificing performance in capturing

spatiotemporal patterns. Both architectures have demonstrated effectiveness in vari-

ous applications, offering flexibility in addressing different challenges in processing

sequential data.
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2.5. Localization

Localization stands as a pivotal task within security applications, aiming to ascertain

the position of a target [37]. It distinctively differs from tracking, as it solely focuses on

determining estimated positions of targets over time. Tracking, in applications like ours,

can be regarded as a post-processing step following localization.

In the literature, seismic sensors have been employed for localizing two distinct types

of targets: vehicle-pedestrian interactions [29], [59], [147], [177] and earthquake-like

seismic events [152], [178].

Various methods are used specifically for the SITEX02 dataset to determine location,

including common range-based approaches such as Received Signal Strength Index

(RSSI), Angle of Arrival (AOA), Time Difference of Arrival (TDOA), Direction of

Arrival (DOA) and Time of Arrival (TOA). Boettcher et al. introduced the TDOA

algorithm for acoustic localization using the SITEX00 dataset [63], [64]. Li et al.

suggested a target localization algorithm based on energy, assuming isotropic exponential

attenuation for the energy source. They created circles from energy readings ratios,

converting the problem into a nonlinear least squares issue [61], [179]. When a passive

infrared sensor detects a target, its location is determined at the intersection of the

PIR sensor’s line-of-sight and the road. This technique was applied in SITEX02 by

Ashraf et al. [180]. Boettcher et al. integrated panoramic cameras with acoustic bearing

estimation for localization [65]. Brooks et al. used differences in detection time and

activated sensor locations to estimate the target’s position [66]. Sheng et al. proposed

the CFAR to detect events in small sensor areas with collaborative signal processing,

using an acoustic energy-based method to locate the target [67].Duarte et al. proposed a

decision fusion technique based on distance, which leverages the correlation between

sensor-to-target distance, signal-to-noise ratio, and classification rate. This approach

necessitates reduced communication and attains superior classification rates for regions

compared to traditional fusion methods based on majority voting [68]. Rahman et al.

used Optimized Maximum Likelihood for acoustic-based localization with the SITEX02

dataset [69]. In their study of the SITEX02 dataset, Le Borgne et al. explored centroid

schemes and distributed regression methods for localization [70]. Sindhu et al. analyzed

data from 19 nodes from the same run, and the extracted features were used to monitor
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and confirm when a particular vehicle has passed a given sensor node [71].

It is widely acknowledged that a sensor cluster comprising at least three sensor nodes

is essential for accurately estimating target position in a sensor network. Additionally,

studies have demonstrated that clustering nodes can enhance classification performance.

Taheri et al. utilized a time-varying autoregressive model (TVAR) alongside clustered

nodes to enhance classification performance [78]. Zwartjes et al. proposed a method

for adaptive learning to classify military vehicles named QUantile Estimation after

Supervised Training (QUEST) for [181].

In this section, we introduce triangulation and trilateration, two methods frequently

employed in localization. We also derive their equations.

2.5.1. Triangulation

Triangulation is AOA based localization method as we can see from Figure 2.18. We

require minimum 2 sensor positions, and these sensors must measure angle of target.

x

y

,

-

S1

S2

tar

Sensor
Target

Figure 2.18: Triangulation.

The relation between actual target position xtar = [xtar, ytar]
T
and the sensor position
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xsi = [xsi , ysi ]
T
is given in (2.80) using law of sines in (2.79).

sin(θ1)

a1
=

sin(θ2)

a2
=

sin(θ3)

a3
(2.79)

sin(α)

d2 (xs2 ,xtar)
=

sin(β)

d2 (xs1 ,xtar)
=

sin(π − α− β)

d2 (xs1 ,xs2)
(2.80)

where α, β and d2 (xs1 ,xs2) are known quantities as in Figure 2.18.

Following equations will d2 (xs1 ,xtar), where sin(π − α− β) = sin(α + β).

d2 (xs1 ,xtar) =
sin(β)

sin(α + β)
d2 (xs1 ,xs2) (2.81)

Then express the dot product in (2.82) and norm of the cross product in (2.83)

~s1s2 · ~s1s3 = d2 (xs1 ,xtar) d2 (xs1 ,xs2) cos(α) (2.82)

‖ ~s1s2 × ~s1s3‖ = d2 (xs1 ,xtar) d2 (xs1 ,xs2) sin(α) (2.83)

Then express the dot product and norm of the cross product by using coordinate notations

in (2.84) and (2.85) respectively.

(xs2 − xs1)(xtar − xs1) + (ys2 − ys1)(ytar − ys1)

= d2 (xs1 ,xtar) d2 (xs1 ,xs2) cos(α)
(2.84)

(xs2 − xs1)(ytar − ys2)− (ys2 − ys1)(xtar − xs2)

= d2 (xs1 ,xtar) d2 (xs1 ,xs2) sin(α)
(2.85)

We can do replacement in (2.81) for (2.84) and (2.85). Then we will obtain (2.86) and

(2.87) respectively.

(xs2 − xs1)(xtar − xs1) + (ys2 − ys1)(ytar − ys1)

=
sin(β) cos(α)

sin(α + β)
d2 (xs1 ,xs2)

2
(2.86)
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(xs2 − xs1)(ytar − ys2)− (ys2 − ys1)(xtar − xs2)

=
sin(β) sin(α)

sin(α + β)
d2 (xs1 ,xs2)

2
(2.87)

Equations (2.86) and (2.87) can form an equation system, then solution will lead us to

xtar.

xtar(xs2 − xs1) + ytar(ys2 − ys1)

= xs1(xs2 − xs1) + ys1(ys2 − ys1) +
sin(β) cos(α)

sin(α + β)
d2 (xs1 ,xs2)

2
(2.88)

−xtar(ys2 − ys1) + ytar(xs2 − xs1)

= ys2(xs2 − xs1)− xs2(ys2 − ys1) +
sin(β) sin(α)

sin(α + β)
d2 (xs1 ,xs2)

2
(2.89)

The equations above can be converted to matrix formAxtar = b, wherextar = [xtar, ytar]
T

using (2.90) and (2.91).

A =

(xs2 − xs1) (ys2 − ys1)

(ys1 − ys2) (xs2 − xs1)

 (2.90)

b =

xs1(xs2 − xs1) + ys1(ys2 − ys1) +
sin(β) cos(α)
sin(α+β)

d2 (xs1 ,xs2)
2

ys2(xs2 − xs1)− xs2(ys2 − ys1) +
sin(β) sin(α)
sin(α+β)

d2 (xs1 ,xs2)
2

 (2.91)

Sensor locations xsi and ysi are known variables. If sensor-target angles α and β are

known, target position can be found as follows.

xtar = A−1b (2.92)

Equation (2.92) is valid to acquire xtar = [xtar, ytar]
T
.

2.5.2. Trilateration

Trilateration is as a fundamental method for range-based localization. Circular trilatera-

tion, illustrated in Figure 2.19, involves three sensors, namely S1, S2, and S3, situated

at distinct locations. For example, TOA, TDOA or RSS can be employed to estimate

the location of the target tar by processing the signals from these sensor nodes [36].
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Actual target position (xtar, ytar) and the sensor position (xsi , ysi) relation equation is

given in (2.93)

(xsi − xtar)
2 + (ysi − ytar)

2 = r2i (2.93)

x

y

r1

r2

r3S1

S2

S3
tar

Sensor
Target

Figure 2.19: Trilateration.

where ri is sensor-target distance and i = 1, 2, 3. Difference between r2i and r
2
j can be

used to eliminate the squares of xtar and ytar as given in Eq (2.94) and (2.95).

(xsi − xtar)
2 + (ysi − ytar)

2 −
(
xsj − xtar

)2 − (
ysj − ytar

)2
= r2i − r2j (2.94)

xtar
(
2xsj − 2xsi

)
+ ytar

(
2ysj − 2ysi

)
= r2i − r2j − (x2

si
+ y2si) + (x2

sj
+ y2sj) (2.95)

where i, j = 1, 2, 3 and j 6= i. The equations above can be converted to matrix form

Axtar = b, where xtar = [xtar, ytar]
T
and
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A = 2


(xs2 − xs1) (ys2 − ys1)

(xs3 − xs1) (ys3 − ys1)

(xs3 − xs2) (ys3 − ys2)

 (2.96)

b =


r21 − r22 − (x2

s1
+ y2s1) + (x2

s2
+ y2s2)

r21 − r23 − (x2
s1
+ y2s1) + (x2

s3
+ y2s3)

r22 − r23 − (x2
s2
+ y2s2) + (x2

s3
+ y2s3)

 (2.97)

Sensor locations (xsi , ysi) are known information. If also we know ri, (2.98) is valid to

acquire xtar = [xtar, ytar]
T
position under the assumption that matrixATA is invertible.

xtar = A+b =
((

ATA
)−1

AT
)
b (2.98)

2.6. Tracking

Tracking is the process of refining the estimated positions of targets derived from GPS

data or various localization algorithms. This section introduces fundamental tracking

algorithms that are critical for enhancing the accuracy of these estimations.

The first algorithm we discuss is the Alpha-Beta(-Gamma) (α − β(−γ)) Filter. This

filter is extensively used in fields such as radar tracking, navigation systems, and other

applications that require precise estimation of position, velocity, and acceleration. Its

popularity stems from its simplicity and effectiveness. The α−β(−γ) filter operates on

principles similar to those of the Kalman Filter, providing a reliable method for tracking

and predicting the movements of dynamic systems. By incorporating acceleration into

its calculations, this filter improves both accuracy and responsiveness, making it suitable

for a wide range of applications.

Next, we examine the Kalman Filter [182]. In contrast to the α − β(−γ) Filter, the

Kalman Filter models measurements, current state estimations, and future state esti-

mations as normally distributed random variables, defined by their mean and variance.

This probabilistic approach enables the Kalman Filter to achieve higher accuracy in its

estimations compared to the α−β(−γ) Filter. Moreover, there are advanced versions of
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the Kalman Filter, such as the Extended Kalman Filter [183] and the Unscented Kalman

Filter [184], which offer enhanced performance in handling non-linear systems.

2.6.1. Alpha-Beta(-Gamma) Filter

The α− β(−γ) Filter is an extension of the Alpha-Beta (α− β) filter, which is used for

smoothing time series in dynamic systems. It incorporates an additional term to account

for acceleration, improving the accuracy of the estimates.

The main idea of filter starts from averaging N previous measurements of x[n] as in

(2.99), where n,N ∈ N. We need to convert mean equation (2.99) to a transitional

form from xflt[n− 1|n− 1] to xflt[n|n] for our needs. For this, equation (2.99) can be

transformed to (2.104), using the steps (2.100)-(2.103).

xflt[N |N ] =
1

N

N∑
n=1

(x[n]) (2.99)

=
1

N

N−1∑
n=1

(x[n]) +
1

N
x[N ] (2.100)

=
N − 1

N

1

N − 1

N−1∑
n=1

(x[n]) +
1

N
x[N ] (2.101)

=
N − 1

N
xflt[N − 1|N − 1] +

1

N
x[N ] (2.102)

= xflt[N − 1|N − 1]− 1

N
xflt[N − 1|N − 1] +

1

N
x[N ] (2.103)

xflt[N |N ] = xflt[N − 1|N − 1] +
1

N
(x[N ]− xflt[N − 1|N − 1]) (2.104)

The filter equations are based on the state variables: position x[n], velocity ẋ[n], and

acceleration ẍ[n]. The motion equations for the state variables for constant position:

x[n+ 1] = x[n] (2.105)
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Constant velocity:

x[n+ 1] = x[n] + ẋ[n]∆t (2.106)

ẋ[n+ 1] = ẋ[n] (2.107)

And for constant acceleration:

x[n+ 1] = x[n] + ẋ[n]∆t+
1

2
ẍ[n]∆t2 (2.108)

ẋ[n+ 1] = ẋ[n] + ẍ[n]∆t (2.109)

ẍ[n+ 1] = ẍ[n] (2.110)

First case is estimation under constant position with noisy measurement conditions.

This makes predicted state equal to estimated state as in (2.111) from (2.105). Equation

(2.104) becomes (2.112), which is called state update equation.

xflt[N |N − 1] = xflt[N − 1|N − 1] (2.111)

xflt[N |N ] = xflt[N |N − 1] +
1

N
(x[N ]− xflt[N |N − 1]) (2.112)

The constant 1
N
in equation (2.112) is called filter gain, and for generalization, we will

call it α. And the term (x[N ]− xflt[N |N − 1]) is called innovation, because it contains

new information. Alpha (α) filter state update equation will be (2.113), where we use n

instead on N to make it generic.

xflt[n|n] = xflt[n|n− 1] + α(x[n]− xflt[n|n− 1]) (2.113)

Second case is estimation under constant velocity with noisy measurement conditions.
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This makes predicted velocity state equal to estimated velocity state as in (2.115) from

(2.107). Also position state will be (2.114) from (2.106).

xflt[N |N − 1] = xflt[N − 1|N − 1] + ∆tẋflt[N − 1|N − 1] (2.114)

ẋflt[N |N − 1] = ẋflt[N − 1|N − 1] (2.115)

Alpha-Beta (α− β) filter state update equations will be (2.116) and (2.117). The gain

parameters α and β control the extent of the correction for position and velocity.

xflt[n|n] = xflt[n|n− 1] + α(x[n]− xflt[n|n− 1]) (2.116)

ẋflt[n|n] = ẋflt[n|n− 1] + β

(
x[n]− xflt[n|n− 1]

∆t

)
(2.117)

Third case is estimation under constant acceleration with noisy measurement conditions.

This makes predicted acceleration state equal to estimated acceleration state as in (2.120)

from (2.110). Also position state will be (2.118) from (2.108), and velocity state will

be (2.119) from (2.109).

xflt[N |N − 1] =xflt[N − 1|N − 1] + ∆tẋflt[N − 1|N − 1] (2.118)

+
1

2
∆t2ẍflt[N − 1|N − 1]

ẋflt[N |N − 1] =ẋflt[N − 1|N − 1] + ∆tẍflt[N − 1|N − 1] (2.119)

ẍflt[N |N − 1] =ẍflt[N − 1|N − 1] (2.120)

Alpha-Beta(-Gamma) (α− β(−γ)) filter state update equations based on the measure-

ment x[n] will be (2.121), (2.122) and (2.123). The gain parameters α, β, and γ control

the extent of the correction for position, velocity, and acceleration.
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xflt[n|n] = xflt[n|n− 1] + α(x[n]− xflt[n|n− 1]) (2.121)

ẋflt[n|n] = ẋflt[n|n− 1] + β

(
x[n]− xflt[n|n− 1]

∆t

)
(2.122)

ẍflt[n|n] = ẍflt[n|n− 1] + γ

(
x[n]− xflt[n|n− 1]

∆t2

)
(2.123)

The gain parameters α, β, and γ are chosen to optimize the filter performance. They

determine the responsiveness and stability of the filter. These values can be tuned

according to the specific application and desired performance. Typical values can be; α:

0.2 to 0.85, β: 0.1 to 0.5, γ: 0.01 to 0.1.

2.6.2. Kalman Filter

The Kalman Filter is more advanced method used for smoothing time series in dynamic

systems. Measurements, current state estimation, and next state estimation are normally

distributed random variables for Kalman Filter, which are described by mean and

variance. It has two steps: prediction and correction.

Prediction step involves state extrapolation equation and covariance extrapolation equa-

tion. State extrapolation is given in (2.124), where xflt[n+ 1|n] predicted system state

at n + 1, xflt[n|n] estimated system state at n, u[n] measurable input variable, w[n]

unmeasurable process noise variable, F transition matrix,G input transition or control

matrix.

xflt[n+ 1|n] = F xflt[n|n] +Gu[n] + w[n] (2.124)

Second prediction step equation is covariance extrapolation equation as given in (2.125),

where P[n|n] is covariance matrix of the current state given in (2.126), P[n + 1|n]

covariance matrix of next state, F transition matrix,Q process noise matrix.

P[n+ 1|n] = FP[n|n]F T +Q (2.125)

P[n|n] = E
[
(xflt[n|n]− µxflt[n|n])(xflt[n|n]− µxflt[n|n])

T
]

(2.126)
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Q[n] = E
[
w[n]wT[n]

]
(2.127)

If we consider 2-D controlled and measured acceleration scenario without process noise,

equations (2.128), (2.129) and (2.130) will be estimated state, input variable, transition

matrix and control matrix respectively. Equation (2.132) will be predicted system state.

The result will be kinematic equations under zero initial values.

xflt[n|n] =
[
xflt[n|n] yflt[n|n] ẋflt[n|n] ẏflt[n|n]

]T
(2.128)

u[n] =
[
ẍ[n] ÿ[n]

]T
(2.129)

F =


1 0 ∆t 0

0 1 0 ∆t

0 0 1 0

0 0 0 1

 (2.130)

G =


1
2
∆t2 0

0 1
2
∆t2

∆t 0

0 ∆t

 (2.131)

xflt[n+ 1|n] = F xflt[n|n] +Gu[n] =
1 0 ∆t 0

0 1 0 ∆t

0 0 1 0

0 0 0 1




xflt[n]

yflt[n]

ẋflt[n]

ẏflt[n]

+


1
2
∆t2 0

0 1
2
∆t2

∆t 0

0 ∆t


ẍ[n]
ÿ[n]

 (2.132)

Correction step involves first computing Kalman gain, then state update equation, then

covariance update equation, which are given in (2.133), (2.134) and (2.135) respectively,

where K[n] is Kalman gain,H is observation matrix-which depends on application-,

R[n] in (2.137) is measurement covariance, z[n] in (2.136) is measurement, and v[n] is

measurement noise.

K[n] = P[n|n− 1]HT
(
HP[n|n− 1]HT + R[n]

)−1
(2.133)
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xflt[n|n] = xflt[n|n− 1] +K[n] (z[n]−Hxflt[n|n− 1]) (2.134)

P[n|n] = (I −K[n]H)P[n|n− 1](I −K[n]H)T +K[n]R[n]KT[n] (2.135)

z[n] = Hx[n] + v[n] (2.136)

R[n] = E
[
v[n]vT[n]

]
(2.137)

Process should start with initial estimates of xflt[0|0] and P[0|0] then prediction step,

then correction step should execute sequentially, until the end of process. At the end of

each step, (2.134) will provide us filtered time series at sample n.
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3. PROPOSED METHOD

This chapter is for describing our method for localization in seismic sensor networks

using the SITEX02 dataset. As mentioned in Section 2.5, traditional methods like

AOA, TDOA, DOA, and RSSI are difficult to use in seismic sensor networks due to the

complexity of seismic signals. However, with data-driven methods, we can model the

average behavior of seismic signals when a vehicle passes in front of a sensor group.

In this chapter, we will start by examining the behavior of seismic signals in Section 3.1

through the frequency domain. Then, we will further analyze the dataset through

classification in Section 3.2 using the features extracted from the analysis. Classification

and feature extraction are quite popular in seismic signal processing literature, allowing

us to compare our results with previous studies.

Next, we will present our localization method in Section 3.3, which uses a combination

of RNNs and CNNs to capture both the temporal and spectral aspects of the signal,

helping us determine the position of vehicles, whether they are tracked or trackless. We

will explain sensor clustering, feature extraction, and the network model in this section.

After detailing our methodology for localization, we will present our experimental

results in Chapter 4.

3.1. Data Analysis

The SITEX02 dataset [57] consists of 23 nodes equipped with acoustic, seismic, and

passive infrared sensors, along with deployment location information. Figure 3.1 shows

deployed nodes and their locations for the SITEX02 dataset. In dataset, sampling

frequency is fs = 4960 Hz in 16-bit signed integer format. Data divided into time

blocks of Tb = 0.75 s, which makes Tb · fs = Nb = 3720 samples for each time block.

Additionally, every time block includes detection information from CFAR algorithm.

The dataset comprises nine experiments for AAV and eleven for DW, each consisting of

three distinct trajectories, supported by GPS data recordings. However, there exists a

lack of data for nodes 6, 60, and 61 [181]. Due to financial limitations and reliance on

the SITEX02 dataset, the investigation into real-world deployment issues in seismic

sensor networks was constrained.
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Figure 3.1: Deployed nodes and the test site for SITEX02 dataset.

Duarte et al. [57] examined the frequency response of seismic modality triggered by

various events and carried out a DFT analysis focusing on frequencies as high as 484

Hz, aimed at classifying vehicles. They also extended their study to other frequency

ranges. As an initial step in processing, the zero frequency, or direct current component,

was removed from these signals. To reduce spectral leakage during spectrum estimation,

a Hamming window was applied to segments of the time series data. After this, the

signals were normalized according to their energy content within each window. In terms

of vehicle classification, it was noted that acoustic signals mainly contained energy in

the 0-250 Hz range, whereas seismic signals primarily had energy in the 0-100 Hz range,

as shown in Figure 3.2. Frequencies outside these specific ranges were not considered

further due to their low energy contributions.

Therefore, we exclusively use the MUSIC algorithm to determine the component fre-

quencies without employing its pseudo-spectrum for discrimination. Instead, we utilize

the Welch algorithm for spectrum estimation and then calculate the energy of frequency

bands centered on the frequencies pinpointed by the MUSIC algorithm. Given that the

Welch algorithm reduces variance in the estimated PSD by permitting segment overlap,

we argue that it provides more robust features compared to the Fourier transform. This

is because in the Fourier transform, both frequency and amplitude of components can

vary greatly due to measurement noise.
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Figure 3.2: Average Welch spectral densities.

This is evident in Figure 3.3. The left figure illustrates DFT magnitude and PSD

estimated by the Welch algorithm for the seismic signal of an AAV vehicle, while the

right figure depicts the same for a DW vehicle. Although seismic data is exclusively

showcased in this illustration, similar trends are observed for acoustic signals: Fourier

transform exhibits substantial standard deviation and considerable variation across

the frequency spectrum for training data of the two vehicles under study. Peaks in

variance coincide with frequencies of sinusoidal components, suggesting that heightened

variance at these frequencies indicates less reliable features. This analysis underscores

the superior reliability of PSD provided by the Welch algorithm over features derived

from DFT.
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Figure 3.3: Standart deviation of seismic Welch spectral densities.
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Further investigation into frequency response on diverse road surfaces reveals distinct

characteristics of seismic signals. Figure 3.4 illustrates spectral densities of signals for

two vehicle types on asphalt and gravel roads, as inferred from satellite images in Figure

3.1. As evident, seismic signals exhibit greater energy at lower frequencies on asphalt

roads and higher frequencies on gravel roads.

Additionally, a noteworthy observation is the similarity in spectral density between

AAVs on asphalt roads and DWs on gravel roads, contrasting with their dissimilarity on

gravel roads alone. This suggests that discriminating between these vehicle types on

asphalt roads poses a greater challenge. Detailed findings are presented in Section 4.1.2.
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Figure 3.4: Spectral densities on asphalt and gravel roads.

3.2. Classification

In this section, we will explain the approach used in [185] because classification is

crucial for analyzing data before starting the localization task. This will demonstrate

our method for compressing frequency domain data to lower frequencies than the actual

sampling frequency fs.

We utilized five distinct descriptive features extracted from the time domain signals:

skewness, kurtosis [123], energy, peak-to-peak value, and zero crossing density. These

were combined with frequency domain features, and their individual contributions to

overall performance were analyzed. To derive frequency domain features, we initially

estimated the frequencies of spectral components. The MUSIC algorithm was employed
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Figure 3.5: Flow graph for vehicle classification.

to identify roots and locate peaks in the estimated spectrum. The resulting acoustic

frequency bands determined by the MUSIC algorithm are 6–23 Hz, 53–70 Hz, 73–89

Hz, 107–123 Hz, 125–141 Hz, 144–161 Hz, and 191–208 Hz. Meanwhile, seismic

frequency bands are 6–23 Hz, 25–42 Hz, 41–58 Hz, 54–71 Hz, and 71–87 Hz. Some

bands exhibit overlap due to high variance. Subsequently, we applied the Welch method

to extract frequency domain features. The entire process is summarized in Figure 3.5.

We developed a two-class classifier featuring a single hidden layer comprising 3 nodes

to differentiate between AAV and DW type vehicles. Previous studies have utilized

kNN, MLP, ESN and SRC techniques for vehicle classification using the SITEX02

dataset. However, in this investigation, we employed a MLP.

Our classifier incorporates an adaptive learning algorithm using Stochastic Gradient

Descent (SGD) and cosine annealing learning rate schedule [186], which employs cosine

annealing across epochs to mitigate the risk of encountering local minima and issues

stemming from random initialization points. It employs Exponential Linear Unit (ELU)

[187] as activation for the hidden layers, which stands out as one of the most effective

solutions for vanishing gradient problem, and hyperbolic tangent as the output layers

activation.

Weight initialization is a critical factor affecting the speed of convergence. Improper

initial weights can delay the convergence of an MLP. Rather than choosing weights from
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a uniform distribution, we opted to initialize the weights using a normal distribution.

The mean of this distribution is zero, and its standard deviation is adjusted according to

the number of nodes [188], [189].

3.3. ConvLSTM Based Localization

Trilateration is a core technique for range-based localization and forms the basis of

our method. In our scenario, the coordinates xsi and ysi of the sensors are known.

With the sensor-target distance ri also known, as detailed in Section 2.5.2, the position

of the target can be pinpointed by setting up a system of linear equations with (2.93)

for i = 1, 2, 3 [37]. If ri is unknown, additional data linearly related to ri must be

used. Trilateration often integrates with RSSI in mobile networks for this reason [190].

Building on this idea, Le Borgne et al. [70] experimented with seismic signal energy

instead of RSSI. They found that using seismic energy alone for trilateration has limited

effectiveness. This is due to the lack of a precise RSSI-distance function for seismic

signals and variations in signal patterns caused by different velocities, accelerations,

soil conditions, and vehicle types. Therefore, they chose a different strategy, utilizing

all the sensors in the SITEX02 dataset and applying distributed regression to raw data,

which led to better results.

Therefore, we opted to replace traditional methodologies with ConvLSTM [174] to

leverage the temporal dynamics of vehicle movements and their effects on the seismic

frequency domain features [191]. This innovative method merges Convolutional and

LSTM layers into a cohesive framework, expanding the analytical dimensions into

both spatial and temporal realms. By fusing Convolutional and LSTM models, this

approach significantly improves the performance of data-driven techniques. The model

processes frequency domain features derived from raw seismic data and the geographic

coordinates of seismic sensors as distinct inputs, and outputs the positions of targets

relative to the centralized cluster of sensor nodes. The SITEX02 dataset, with its strategic

node placement, serves as an excellent example for demonstrating the clustering and

feature extraction techniques essential for target localization with just three sensors in

the field. In the following sections, an overview of the dataset will be presented along

with detailed insights into the localization algorithm being proposed.
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3.3.1. Network Architecture

ConvLSTM is employed to capture time-frequency features of seismic signatures from

moving vehicles within a sensor network setting, as detailed in Section 3.3, making

it a pivotal component in our architecture. Our proposed flow is shown in Figure 3.6,

while Figure 3.7 is the base model of our proposed method. The SeismicFourier

block utilizes frequency domain features. Initially, we utilized a ConvLSTM with a

temporal length ofM = 3, employing filters with a (3, 3) shape and 32 filters, followed

by a continuation with filters of (1, 3) shape and 64 filters, akin to Darknet-19 [192].

Average pooling layers with a shape of (1, 3) were incorporated after each convolution

layer. This configuration was selected due to its optimal balance between compactness

and performance, as determined through extensive experimentation.

SeismicFourierInput

NodeLocationInput

DetectionModel

Activation: Softmax

LocalizationModel

Activation: Linear

Output

x̃est

dtar<ddet

Figure 3.6: Flow of proposed approach.

SeismicFourierInput
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ConvLSTM

Filters: (M, 3, 3) x 32

Conv

Filters: (1, 3) x 64

Conv

Filters: (1, 1) x 6

Dense

Nodes: 60

Dense

Nodes: 20

Output

 

AvgPool (1, 3)

AvgPool (1, 3) Dropout (0.1)

Dropout (0.1)

Figure 3.7: Base network for detection and localization models.

The base model described thus far serves as the foundation for both the target detection
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and localization models, differing only in their output layers. For the detection model,

cross-entropy is employed as the loss function, depicted in (3.1), which is well-suited

for Softmax activation [193] as specified in (3.2). The loss function LCE (fSM(z), z̃) is

utilized for the output layer.

LCE (z, z̃) = −z̃T log(z) (3.1)

fSM(z) =
ez∑
z∈z e

z
(3.2)

The selection of suitable loss function holds significant importance in the context of

the localization model. Since classification loss functions are not applicable, we need

to pick one of regression loss functions, including Log-cosh, Cosine Similarity, Mean

Absolute Error (MAE), Mean Squared Error (MSE), Root Mean Squared Error (RMSE),

Mean Squared Logarithmic Error (MSLE), and Huber [194]. We opt for the Huber loss

function due to robustness against outliers, introduced by Peter Jost Huber [194]. The

Huber loss Lδ is given in (3.3), where z represents output of network, z̃ denotes the

ground truth value, and δ outlier handling parameter. Loss function for the output layer

is only Lδ (z, z̃), because of linear activation at output layer.

Lδ (z, z̃) =
∑
z∈z
z̃∈z̃


1
2
(z − z̃)2 , |z − z̃| ≤ δ

δ
(
|z − z̃| − 1

2
δ
)

, |z − z̃| > δ

(3.3)

The activation functions for the hidden layers are Leaky Rectified Linear Units (LReLU)

[195], employed to mitigate issues such as gradient vanishing and the dead-ReLU prob-

lem, as described in (3.4), where z represents a node output, with leakiness parameter

as α, which we choose as 1e-3.

fα (z) =

αz , z < 0

z , z ≥ 0

, f′α (z) =

α , z < 0

1 , z ≥ 0

(3.4)
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3.3.2. Frequency Domain Input

Given u[n] as the seismic input with a duration of Tb seconds. We compute its N -point

DFT U[k] utilizing equation (3.5), as discussed in Section 2.2.1.

U [k] =

∣∣∣∣∣
N−1∑
n=0

u [n] e−j2π n
N
k

∣∣∣∣∣ (3.5)

The tensor representing features from frequency domain has three dimensions: the

first dimension corresponds to the time index m, the second dimension denotes the

sensor number i, and the third dimension represents the frequency index k, where

0 ≤ K1 ≤ k ≤ K2 < N . Here, m serves as a sequential time block index, providing

temporal context about the event occurrence to the Convolutional Neural Network

(CNN), with 0 ≤ m < M . This information can be encapsulated within the three-

dimensional tensor Um,i[k].

Figure 3.8 shows our first input tensor for two time blocks, three sensor nodes, and

features from frequency domain, with indices ranging from 0 to 113 for a 3720-point

DFT. The limitation on the frequency index is justified by the fact that the majority of

seismic signal energy is typically concentrated between 0 to 150 Hz [185].
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Figure 3.8: Frequency domain input tensor.
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3.3.3. Sensor Location Input

We organize the sensor nodes into triangular clusters. It is essential during this process to

form clusters in geographically dispersed areas to ensure a comprehensive representation

of the sensor field. Although various clustering algorithms [196]–[200] are available,

the limited number of sensors in our setup permits manual clustering. After establishing

clusters, we calculate normalized positions using the average location of all sensors.

The configuration of the triangulated nodes is shown in Figure 3.9. We have formed

four clusters: S1 with nodes s5, s3, s4, S2 with s47, s46, s48, S3 with s58, s53, s52, and S4

with s59, s55, s41, collectively referred to as S = Sj|j = 0, 1, 2, 3.

To ensure the model’s insensitivity to the geographic location of the site, we utilize the

relative locations of the sensors rather than their absolute positions. This is achieved

by computing the relative locations through the subtraction of the mean location of the

sensor cluster set, as depicted in equation (3.6). Here, µ
(S)
x denotes the center of the

cluster set S and can be computed using equation (3.7).

x̃si =

x̃si

ỹsi

 =

xsi

ysi

− µ(S)
x (3.6)

µ(S)
x =

1∑
Sj∈S |Sj|

∑
Sj∈S

∑
si∈Sj

xsi

ysi

 (3.7)

Figure 3.10 displays a tensor structure example for two coordinates across three sensor

nodes, specifically from cluster S1 = s5, s3, s4. This structure comprises sensor location

features arranged into two dimensions: the first dimension corresponds to the sensor

index i, and the second dimension pertains to the axis index l, with l = 0 indicating the

x-axis and l = 1 pointing to the y-axis. These dimensions are encapsulated within a

two-dimensional tensor denoted as Vi,l.

3.3.4. Output Format

The training and inference processes of our algorithm rely on the detection of the target

in the sensor cluster Sj , which we designate as activated. Upon target detection, we

utilize x̃si ∈ Sj as the sensor location input Vi,l along with the feature input Um,i[k] for
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Figure 3.9: Sensor node clusters.
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Figure 3.10: Sensor location input tensor.

both training and inference steps. This approach ensures that our model can effectively

process both spatial and feature data essential for localization. The amalgamation of

these inputs empowers the algorithm to develop a comprehensive understanding of the

environment and target dynamics.

During the training phase, we normalize the ground truth target locationxtar = [xtar, ytar]
T

to be zero-mean across sensor clusters, promoting generalization. This normalization

step is pivotal as it enables the model to generalize across various sensor clusters,

enhancing its versatility and reducing sensitivity to specific configurations. The target

location x̃tar relative to the center of the activated sensor cluster Sj can be computed

using (3.8), where µ
(Sj)
x represents the center of the cluster Sj and can be determined
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using (3.9). This approach ensures consistent and accurate target localization relative to

the center of the activate sensor cluster.

x̃tar =

x̃tar
ỹtar

 =

xtar
ytar

− µ(Sj)
x (3.8)

µ(Sj)
x =

1

|Sj|
∑
si∈Sj

xsi

ysi

 (3.9)

During the inferencing or testing phase, the output of the algorithm x̃est = [x̃est, ỹest]
T

can be denormalized using (3.10) to compute the estimated location in the activated

cluster Sj . This denormalization step transforms the model’s output back to the original

coordinate system, offering a practical and interpretable location estimate. The capability

to accurately convert the model outputs to real-world coordinates is crucial for validating

the model’s performance and ensuring its relevance in practical applications.

xest =

xest
yest

 =

x̃est
ỹest

+ µ(Sj)
x (3.10)

3.4. Summary

To summarize, in this chapter, we introduced the data and its frequency response in

different environments with tracked and trackless vehicles in Section 3.1. We proposed

a filter bank for feature extraction and a simple neural network for classification to

demonstrate the performance of our analysis in Section 3.2. In Section 4.1, we will see

the quality of our classification model using only 23 features. Based on this analysis, we

explained how we used downsampled seismic signals as input for the localization model

in Section 3.3.2. Then, we described the ConvLSTM-based model in Section 3.3.1. We

concluded by explaining how to interpret the output layer of the ConvLSTM model in

Section 3.3.4. Chapter 4 contains the test results and performance comparisons of our

proposed approach with existing approaches in the literature.
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4. TEST RESULTS

The test results section presents findings for both classification and localization. We

began with classification, examining the fusion of acoustic and seismic features and

their performance across different road types inferred from GPS data in Section 4.1.

These results demonstrated that using a maximum frequency of 150 Hz for seismic data

is adequate for localization. However, this time we will employ ConvLSTM to identify

the appropriate filter bank.

Localization test results are provided in Section 4.2. We examined the effects of varying

target-sensor cluster distances, the number of sensors in a cluster, the impact of the

detection method, and the temporal length for ConvLSTM on detection and localization.

Additionally, we demonstrated the benefit of using a Kalman Filter in the 100m detection

case to reduce localization error.

In summary, we provided comments and conclusions in Section 4.3.

4.1. Classification

We tested our experiments on the SITEX02 dataset, as described in Section 3.1. Specifi-

cally, we utilized trials 3rd 6th and 9th trials of AAV and DW vehicles. We excluded the

data partitions not detected from the CFAR outputs [57], which subtracts the background.

The training portion comprised 70% of the available data, validation accounted for 15%,

and the remaining 15% was allocated for testing.

We evaluated the test set performance using the True Positive Ratio (TPR) and False

Positive Ratio (FPR) metrics. TPR is computed according to (4.1), where TP is the true

positive count and FN is the false negative count. FPR is calculated using (4.2), where

FP is the false positive count and TN is the true negative count. For each combination of

different sensor types and domains, we carried out 10 experimental trials and documented

the highest performance achieved in each scenario.

TPR =
TP

TP+ FN
(4.1)

FPR =
FP

FP+ TN
(4.2)
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Our primary classifier was an MLP. However, we also utilized Bagging and Gentle

Boosting methods to validate the results obtained with the MLP classifier. Each com-

bination of sensor modality and feature domain was systematically tested to assess

the contribution of each feature type and sensor modality. Detailed test procedures

are outlined in this section, while comparisons to previous studies are presented in the

subsequent section.

4.1.1. Fusion Results

This section will investigate the fusion of different modalities and the impact of com-

bining features from different domains. Features were extracted as detailed in Section

3.2. Fusion results will be evaluated if there is a positive interaction or synergy between

acoustic and seismic modalities and between frequency and time domain features.

Three classifiers were utilized to evaluate the features quality, but results from only MLP

are reported here. In the following section, performances of the other two classifiers

will also be provided. Training was conducted using the training portion and was con-

cluded when performance began to decline on the validation portion. The classification

performance for all scenarios is listed in Table 4.1 and 4.2.

Table 4.1 shows the benefits of integrating sensor features and applying features from

both the time and frequency domains. The use of time-domain features is particularly

advantageous when working with seismic sensors alone. Conversely, vehicles of the

AAV type can be identified with an accuracy of 82.4% using only frequency domain

features. However, when time-domain features are added to the mix, classification

accuracy improves by 7%. Acoustic sensors, when used in the frequency domain alone,

yield a TPR of 95.9% and a FPR of 3.9%. Both TPR and FPR see an improvement

of 1.4% when combined with seismic frequency domain features. Using only the

acoustic modality, the best results achieved combine frequency and time-domain features,

resulting in a TPR of 96.2% and an FPR of 3.8%. The highest overall performance, with

a TPR of 98.6% and an FPR of 1.4%, is achieved by merging both acoustic and seismic

modalities with frequency and time-domain features. This indicates that while the

acoustic modality alone can be effective, combining modalities is crucial for minimizing

FPR in critical applications.
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Table 4.1: MLP classifier performance after fusion for overall.

AAV+DW

Acoustic Seismic Both

Frequency

Domain

TPR % 95.9 85.5 97.3

FPR % 3.9 14.5 2.5

Time
Domain

TPR % 90.4 76.7 92.5

FPR % 9.3 23.3 10.4

Both
Domains

TPR % 96.2 89.6 98.6

FPR % 3.8 10.4 1.4

Table 4.2: MLP classifier performance after fusion for AAV and DW.

AAV DW

Acoustic Seismic Both Acoustic Seismic Both

Frequency

Domain

TPR % 95.9 82.4 97.1 95.9 88.6 97.6

FPR % 3.7 11.4 2.0 4.1 17.7 2.9

Time
Domain

TPR % 92.9 80.6 94.7 87.8 72.8 90.2

FPR % 12.2 27.2 9.8 6.5 19.4 5.3

Both
Domains

TPR % 96.5 89.4 97.7 95.9 89.8 99.6

FPR % 4.7 10.2 0.4 3.5 10.6 2.4

4.1.2. Different Road Types

Figure 3.4 indicates that developing a distinct classifier for each road type can enhance

performance. Accordingly, two classifier specifically trained for asphalt and gravel

roads seperately with seismic frequency domain features. Results are given in Table 4.3.

Classifier for gravel roads achieved aTPR of 88.7%with a FPR of 11.4%. TPR on asphalt

was slightly lower, at 85.5%. The classifier trained on a unified dataset, encompassing

both asphalt and gravel roads, also recorded a performance of 85.5%. Road-specific

training increases classification accuracy on particular road types, especially for gravel

roads in this dataset.
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Table 4.3: Performance of the classifiers for different road types.

Training on

Asphalt Data

Training on

Gravel Data

Training on

Unified Data

TPR % FPR % TPR % FPR % TPR % FPR %

AAV 85.5 14.7 90.9 13.6 82.4 11.4

DW 85.4 14.5 86.4 9.1 88.6 17.7

Overall 85.5 14.6 88.7 11.35 85.5 14.5

4.1.3. Comparison with Previous Works

Various methods have been developed to classify vehicles in distributed networks,

primarily utilizing either time domain or frequency domain features, with a focus

on acoustic sensors. This section compares our results to previous studies on the

SITEX02 dataset. Table 4.5 details results using the seismic modality alone, and Table

4.4 illustrates results achieved through the fusion of acoustic and seismic sensors from

other studies. Our method significantly enhances performance, showing approximately

10% TPR improvement.

Table 4.4: Acoustic and seismic sensors results literature comparison.

AAV DW Both

TPR % FPR % TPR % FPR % TPR % FPR %

Duarte et al. [57] 85.9 3.0 81.8 10.7 83.6 6.9

Mazarakis et al. [75] 100.0 - 77.0 - 88.5 -

Kornaropoulos et al. [76] 94.3 11.1 88.9 5.7 91.6 8.4

Wang et al. [77] 100.0 - 90.0 - 95.0 -

Ntalampiras [154] 95.8 - 96.7 - 96.3 -

Gentle Boosting 97.7 1.6 98.4 2.4 98.0 2.0

Bagging 99.4 1.6 98.4 0.6 98.9 1.1

MLP 97.1 0.4 99.6 2.4 98.6 1.4

Ntalampiras [154] recently reported a TPR of 96.3% using the acoustic modality with

50 features, and Kalra et al. [81] attained a TPR of 92.1% using the seismic modality
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with a CNN. By contrast, our method achieves comparable performance using only 13

acoustic and 10 seismic features.

Table 4.5: Only seismic sensors results literature comparison.

AAV DW Both

TPR % FPR % TPR % FPR % TPR % FPR %

Duarte et al.[57] 58.0 48.6 56.8 47.6 57.4 48.1

Mazarakis et al.[75] 87.0 - 69.0 - 78.0 -

Jin et al. [157] - - - - 89.7 -

Bin et al. [158] - - - - 92.1 -

Kalra et al. [81] 86.0 14.0 76.0 24.0 81.0 19.0

Bagging 84.7 11.0 89.0 15.3 86.9 13.1

Gentle Boosting 84.1 12.2 87.8 15.9 86.0 14.0

MLP 89.4 10.2 89.8 10.6 89.7 10.4

4.2. Localization

For localization testing, we utilized the 4th 5th and 6th trials of AAV and DW vehicles,

while other trials were allocated for training purposes. This partitioned the dataset of

11,700 samples into 70% for training and 30% for testing, chosen because the 4th, 5th,

and 6th trials feature different vehicle routes within the sensor field.

The models were trained using the Keras deep learning library [201]. We set the training

duration to 50 epochs for the detection model and 200 epochs for the localization model,

with batch sizes of 1000 and 20 samples, respectively, for the detection and localization

phases. The training was repeated ten times with shuffled data, and the results were

averaged for reporting purposes. The Adam optimizer [202], along with a cyclical

learning rate [203] ranging from 1e− 6 to 1e− 3 without decay and a step size of 100,

was employed for the detection model. Conversely, the localization model used the

SGD optimizer [162], with the learning rate cycling from 1e− 5 to 1e− 2 and including

a decay formula 0.9lr applied after every 50-step cycle.
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4.2.1. Sensor Clustering

We explored the impact of the sensor configuration and detectionmethod on performance,

as detailed in Table 4.6. The detection method Original utilizes target detectedion

information based on CFAR from [57]. The detection method Distance Based refers

to our model, which is trained to estimate xtar. As illustrated in Figure 3.6, our model

disregards all measurements where dtar > ddet, as specified in (4.3). This approach was

inspired by the study of Duarte et al. [68], which employed a distance-based decision

fusion with ddet = 50 m.

dtar = d2
(
xtar,µ

(Sj)
x

)
(4.3)

Table 4.6: Different sensor configurations.

Detection

Method

Error Statistics

for Localization

Sensor Cluster Size

1 2 3

Original
µloc (m) 41.1 23.7 15.3

σloc (m) 30.2 21.5 14.0

DistanceBased
µloc (m) 23.2 14.6 9.7

σloc (m) 16.6 10.7 5.9

We also examined the impact of the sensor node count in sensor clusters on localization

accuracy. Findings, as shown in Table 4.6, indicate that increasing the count of sensor

nodes in each sensor cluster leads to a reduction in localization error. Furthermore, the

results suggest that excluding sensors that are far from the target during the training

process significantly improves estimation accuracy.

4.2.2. Target-Sensor Cluster Distance Analysis

We examined the effects of implementing a maximum detection distance ddet between

the target vehicle and sensor cluster during training, with results presented in Table 4.7.

We utilized the F1 score, defined in (4.4), as a measure of detection performance due

to the imbalanced data. The F1 score is calculated based on counts of TP, FP, and
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FN. Findings indicate that a distance of 50 m is one of the optimal settings for ddet,

corroborating the earlier research by Duarte et al. [68].

F1det =
2TP

2TP+ FP+ FN
(4.4)

Table 4.7: Different detection distance results.

ddet (m) 10 20 30 40 50 60 70 80 90 100

F1det 0.79 0.89 0.91 0.94 0.94 0.94 0.94 0.93 0.93 0.93

µloc (m) 9.86 9.48 9.47 9.50 9.70 9.95 11.10 13.42 13.96 15.26

σloc (m) 8.81 6.76 7.02 6.72 5.91 6.42 9.01 15.24 13.38 16.13

4.2.3. Temporal Length Analysis

The choice of the temporal length M is crucial and must be carefully considered.

Performance metrics for different temporal lengths are illustrated in Figure 4.1. It

appears that a temporal length of M = 3 provides the best balance, as this setting

yielded the highest performance. The average distances between sensors within each

cluster were recorded as follows: 29.95 m for S1, 43.68 m for S2, 27.36 m for S3, and

44.52 m for S4. These measurements are shown in Figure 3.9. Furthermore, Table 4.8

lists the average velocities from three trials for AAV and DW. Selecting values ofM

greater than 5 can cause the vehicle to travel distances exceeding 30 m, based on an

average velocity of 7.09 m/Tb, which surpasses the minimal sensor distance within a

cluster. As a result, performance declines as depicted in Figure 4.1 for largerM values.

When the target’s speed increases, reducingM is advised to ensure accurate localization.

Table 4.8: Estimated target vehicle velocities from GPS data.

AAV4 AAV5 AAV6 DW4 DW5 DW6

µvel (m/Tb) 6.38 7.46 7.08 6.98 7.61 7.04

µvel (km/h) 30.63 35.82 33.98 33.54 36.54 33.79

σvel (km/h) 3.28 1.15 0.69 0.60 0.60 0.81
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Figure 4.1: LSTM performance according to temporal length for ddet = 50 m.

4.2.4. Detection Results

Detection results for clusters of three node sensors withM = 3 and ddet = 50 m using

ConvLSTM for the 4th AAV trial are analyzed in this section. Based on the route shown

in Figure 4.14, the first activated cluster is S2 = {s47, s46, s48}. The detection results

for these nodes are presented in Figure 4.3, Figure 4.2, and Figure 4.4 respectively. The

SITEX02 detection results vary for each node as it uses independent detection for each.

This means that each sensor operates on its own, which can lead to inconsistencies in

detection results. However, since we employed collaborative detection with ConvLSTM,

according to (4.3), the detection results are consistent for nodes within the same cluster.

The second activated cluster is S3 = {s58, s53, s52}. The detection results for these nodes

are shown in Figure 4.7, Figure 4.6, and Figure 4.5. Similarly, the third activated cluster

is S1 = {s5, s3, s4}, with the detection results presented in Figure 4.10, Figure 4.8,

and Figure 4.9. In both cases, we observe that detection is not capturing all the signal,

because it is capturing the event in sensor-wise collaborative way.

The inactive cluster is S4 = {s59, s55, s41} because it is not on the route of the target. The

detection results for these nodes are shown in Figure 4.13, Figure 4.12, and Figure 4.11.

This cluster did not detect the target because it was not on the trajectory of the vehicle.

The model only detected certain parts of the signal, focusing on center of the cluster for
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detection. If the target is far from center of the cluster, it won’t be detected, even if it is

close to one of the sensors. This limitation highlights the need for careful consideration

of cluster configuration to ensure comprehensive coverage of the monitored area. Addi-

tionally, the SITEX02 detections for cluster S4 are inconsistent, showing variability in

detection performance. However, our approach effectively filters out these low SNR

sections, improving the overall robustness and reliability of the detection system. This

filtering process ensures that only high-quality signals are used for localization, reducing

the likelihood of false detections and improving accuracy of the system.
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Figure 4.2: AAV 4th trial, target detection at node s46, ddet=50 m.
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Figure 4.3: AAV 4th trial, target detection at node s47, ddet=50 m.
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Figure 4.4: AAV 4th trial, target detection at node s48, ddet=50 m.
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Figure 4.5: AAV 4th trial, target detection at node s52, ddet=50 m.
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Figure 4.6: AAV 4th trial, target detection at node s53, ddet=50 m.
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Figure 4.7: AAV 4th trial, target detection at node s58, ddet=50 m.
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Figure 4.8: AAV 4th trial, target detection at node s3, ddet=50 m.
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Figure 4.9: AAV 4th trial, target detection at node s4, ddet=50 m.
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Figure 4.10: AAV 4th trial, target detection at node s5, ddet=50 m.
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Figure 4.11: AAV 4th trial, target detection at node s41, ddet=50 m.
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Figure 4.12: AAV 4th trial, target detection at node s55, ddet=50 m.
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Figure 4.13: AAV 4th trial, target detection at node s59, ddet=50 m.

4.2.5. Estimated Target Locations for 50 m Detection Distance

We examined the estimated paths for the AAV and DW vehicles across three different

routes, as detailed in Section 4.2.4 with ddet = 50 m, which Table 4.7 suggests is the

ideal detection distance. The path estimations for the 4th, 5th, and 6th trials of the AAV

and DW vehicles are illustrated in Figures 4.14, 4.15, 4.16, 4.17, 4.18, and 4.19. These

figures show that while the 5th trial of AAV and the 5th and 6th trials of DW display

some positional deviations, their trajectories generally align well with the actual routes.

This alignment is supported by statistical data presented in Table 4.9. Overall, the model

demonstrates a higher efficacy for AAV, except for a noted anomaly in the 5th trial of

DW. The trajectory during the 5th trial of DW closely matches with Figure 4.17.

Table 4.9: Trial statistics for ddet = 50 m.

AAV4 AAV5 AAV6 DW4 DW5 DW6

µloc (m) 7.12 10.44 8.65 7.5 17.19 10.64

σloc (m) 4.26 6.30 7.10 3.89 5.37 3.13

Error plots for estimated paths across three different routes for both AAV and DW are

provided in Figures 4.20, 4.21, 4.22, 4.23, 4.24, and 4.25. These plots confirm the

accuracy of the path figures discussed earlier. Error plot for the 5th trial of DW, which

shows a positional deviation, is specifically illustrated in Figure 4.23. In general, the

distribution of errors over time is consistent, with exceptions noted at specific instances,

such as at the 49th second for the 4th trial of AAV, the 79th second for the 5th trial of

DW, and the 41st second for the 6th trial of AAV, where there are noticeable spikes.
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Figure 4.14: AAV 4th trial, target localization, ddet = 50 m.
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Figure 4.15: DW 4th trial, target localization, ddet = 50 m.
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Figure 4.16: AAV 5th trial, target localization, ddet = 50 m.
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Figure 4.17: DW 5th trial, target localization, ddet = 50 m.
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Figure 4.18: AAV 6th trial, target localization, ddet = 50 m.
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Figure 4.19: DW 6th trial, target localization, ddet = 50 m.
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Figure 4.20: AAV 4th trial, localization error, ddet = 50 m.
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Figure 4.21: DW 4th trial, localization error, ddet = 50 m.
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Figure 4.22: AAV 5th trial, localization error, ddet = 50 m.
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Figure 4.23: DW 5th trial, localization error, ddet = 50 m.
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Figure 4.24: AAV 6th trial, localization error, ddet = 50 m.
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Figure 4.25: DW 6th trial, localization error, ddet = 50 m.

4.2.6. Estimated Target Locations for 100 m Detection Distance

In this section, we present the results for the maximum detection distance ddet = 100 m.

Figure 4.26 shows the detection results for the fourth trial of theAAV vehicle, indicating

that the detection begins to include noisy parts of the sequence with a weak correlation

to the target location. As the detection range increases to 100 meters, the algorithm

picks up extraneous signals, introducing more noise.

Due to the increased number of points and error generated by ddet = 100 m, we utilized

MATLAB implementation of Interacting Multiple Model (IMM) with an Extended

Kalman Filter. The IMM filter is designed for tracking highly maneuverable objects.

Trials 4, 5, and 6, shown in Figures 4.28, 4.29, 4.30, 4.31, 4.32, and 4.33, respectively,

demonstrate that although more points can be generated, precision decreases with

increased detection distance. Table 4.10 shows that accuracy at ddet = 100 m is lower

than at 50 m due to increased noise. However, this noise can be mitigated with advanced

tracking and filtering algorithms, improving accuracy and reliability even at greater

distances, thus making extended detection range beneficial in practical applications.
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(a) Node 3 from S1.
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(b) Node 46 from S2.
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(c) Node 4 from S1.
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(d) Node 47 from S2.
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(e) Node 5 from S1.
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(f) Node 48 from S2.
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(g) Node 52 from S3.
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(h) Node 41 from S4.
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(i) Node 53 from S3.
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(j) Node 55 from S4.
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(k) Node 58 from S3.

0 50 100 150
Time (secs)

-200

-150

G
eo

ph
on

e 
Si

gn
al

 (R
aw

 A
D

C
)

False

True

D
et

ec
tio

n

Event Detection for Node 59 in Trial aav4

Seismic Wave
Detection(SITEX02)
Detection(Ours-100m)

(l) Node 59 from S4.

Figure 4.26: Target detection for AAV4 at S1, S2, S3 and S4, ddet = 100 m.
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(a) AAV 4th trial.
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(b) DW 4th trial.
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(c) AAV 5th trial.
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(d) DW 5th trial.
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(e) AAV 6th trial.
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(f) DW 6th trial.

Figure 4.27: Target location estimation errors after filtering, ddet = 100 m.

We chose the IMM parameters using the statistics for ddet = 100 m from Table 4.7.

The initial covariance matrix is a diagonal matrix diag[1, 256, 1, 256, 1, 256], and the

measurement error is 256 due to σloc being 16 m for ddet = 100 m. We set the transition

probability to 0.99 and the maximum number of smoothing steps to 5. The initial state

is the first measurement. Filters for the motion models, set as constant velocity, constant

acceleration, and constant turn, are all Extended Kalman Filters.

From comparison between Table 4.10 and Table 4.11, we can see that filtering reduced

µloc from 15.26 m to 13.73 m and σloc from 16.13 m to 8.89 m. As shown in Figure 4.27,

only the error for AAV5 is the only trial that shows performance degradation from
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Table 4.10 to Table 4.11. This degradation is attributed to some misdetections at the

start of AAV5 due to low SNR.

Table 4.10: Trial statistics for ddet = 100 m.

AAV4 AAV5 AAV6 DW4 DW5 DW6

µloc (m) 17.78 16.19 13.03 12.88 22.10 13.24

σloc (m) 15.92 14.24 6.40 7.07 15.34 4.46

Table 4.11: Trial statistics for ddet = 100 m after filtering.

AAV4 AAV5 AAV6 DW4 DW5 DW6

µloc (m) 12.58 18.50 10.66 11.13 19.19 12.33

σloc (m) 9.65 13.35 5.83 3.78 7.73 3.58
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Figure 4.28: Filtered AAV4 target location estimation, ddet = 100 m.
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Figure 4.29: Filtered DW4 target location estimation, ddet = 100 m.
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Figure 4.30: Filtered AAV5 target location estimation, ddet = 100 m.
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Figure 4.31: Filtered DW5 target location estimation, ddet = 100 m.
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Figure 4.32: Filtered AAV6 target location estimation, ddet = 100 m.
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Figure 4.33: Filtered DW6 target location estimation, ddet = 100 m.

4.3. Summary

The demonstrated approach showed superior accuracy, attaining amean localization error

of 9.70 m and a standard deviation of 5.91 m for ddet = 50 m. When expanded to ddet =

100 m and enhanced with IMM filtering, the method exhibited errors with a mean of

13.73m and a standard deviation of 8.8m, outperforming existing strategies documented

in the academic literature. This method represents a substantial advancement over the

distributed regression and centroid techniques previously developed by Le Borgne et al.

[70], with comparative results detailed in Table 4.12. Additionally, the work of Sindhu

et al. [71], which introduced Symbolic Dynamic Filtering to track specific vehicles near

sensor nodes rather than precisely locating them, achieved an average tracking accuracy

of 82.4%. This makes direct comparison with our approach challenging. Furthermore,

Lee et al. utilized Classification and Localization using Estimated Dynamics and

Multimodal Data (CLEDM) [147], leveraging a dataset exclusive to the US Army

Research Laboratory [58].

85



Assumptions underlying the localization errors include the precision of GPS data from

SITEX02, estimated to be around 10 meters [63]. Despite some sensor nodes experienc-

ing performance degradation [181], the algorithm remains effective. Additionally, the

dimensions of AAV vehicles are documented as 8.15 meters in length and 3.28 meters

in width [204], while DW vehicles measure 3.32 meters wide by 7.72 meters long [205].

These dimensions indicate an average vibration source width of approximately 3.3

meters and length of 7.5 meters. Given these factors, the proposed algorithm proves

robust for this dataset.

Table 4.12: Localization methods in the literature for SITEX02.

Method µloc (m) σloc (m)

Trilateration with Energy [70] 175.0 168.0

Centroid [70] 30.0 19.0

Regression [70] 22.0 14.0

Our Method, ddet = 50 m 9.7 5.9

Our Method, ddet = 100 m with IMM filter 13.7 8.9

A pivotal element in performance evaluation is the process of model inferencing. The

feature extraction phase entails executing N log2N = 49152 Multiply-Accumulate

operations (MACs), which consume merely 52 µs on an AMD Ryzen 7 7745HX—this

duration is trivial in contrast to the time required for model inferencing. The detection

and regression models both employ a 32-bit floating-point representation, occupying

a model size of 700 kB and utilizing 3.5 MB of memory. These models necessitate

48 Mega MACs, culminating in a processing time of 4.2 ms when run as a single-

threaded operation on the AMD Ryzen 7 7745HX. Thus, for each block of TbM =

2.25 s, model inferencing requires 8.4 ms, affirming that our model operates in real-

time. Given the total computation time of 2.25 seconds and an average vehicle speed

of 34 km/h, our model adeptly captures a location shift of up to 19 meters within a

detection range of ddet = 50 m and 100 m. In contrast to the resource-demanding

YOLOv3[164], a prominent model for mobile applications [5], our proposed method

manifests significantly lower complexity, requiring just about 33000 Mega MACs.

Consequently, our approach is well-suited for deployment on mobile devices.
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5. CONCLUSIONSAND FUTUREWORK

5.1. Conclusions

This thesis presents a comprehensive approach for identifying and locating moving

targets with the use of distributed networks of seismic sensors. Initially, we developed

a method to classify vehicles in a wireless sensor network by utilizing acoustic and

seismic data. This method effectively refined frequency domain features while keeping

a high rate of correct classification. We used the MUSIC algorithm to locate frequency

components accurately and the Welch algorithm to estimate the complete PSD with

reduced frequency location variance. Our research showed that the type of road affects

the classification accuracy due to the distinct spectral properties of different surfaces.

Additionally, we carried out an in-depth analysis of how time and frequency domain

features contribute to the accuracy of vehicle classification. Our results show that

combining time and frequency domain features improves classification accuracy and

reduces the FPR, particularly for seismic signals, with little effect on acoustic signals.

Merging different sensor modalities significantly lowered the FPR and increased the

classification rate. Our method achieved a TPR of 98.6% and a FPR of 1.4%, using

only 23 features when both acoustic-seismic features from boty time and frequency

domain were combined. This strategy of reducing data and features was crucial for

further localization tasks.

We introduced a trilateration alternative, using sensor locations and spatio-temporal

seismic features as inputs to a ConvLSTM based network for detecting and locating

military vehicles in seismic sensor networks. Our study indicated that the number of

sensor nodes in clusters and the detection range greatly affect performance. Compared

to the distributed regression method, which uses the original detection method, our

model with 100 m detection range showed a 30% improvement in localization accuracy.

Additionally, using a 50 m detection range resulted in more than a 50% reduction in both

the mean and standard deviation of localization errors. This significant improvement

underlines the effectiveness of our method in enhancing the accuracy and reliability of

localization.
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5.2. Future Works

In this section, possible future research problems are presented, based on the findings

of this research. Several areas warrant further investigation to enhance the robustness

and applicability of the proposed method:

Developing real-time implementation strategies for the proposed algorithms, including

optimization for embedded systems and low-power devices, will be crucial for practical

deployment.

Conducting extensive field tests in diverse environments to validate the system’s perfor-

mance and reliability under different operational scenarios.

Exploring other machine learning models and architectures, such as Transformer net-

works, to potentially enhance the detection and localization capabilities.

Investigating the scalability of the proposed method for larger sensor networks, including

the development of efficient data fusion and communication protocols.

By addressing these areas, future research can further advance the capabilities of seismic

sensor networks for moving target localization, making themmore versatile and effective

for military and civilian applications alike.
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