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ABSTRACT 

Non-destructive surveying and mapping of underground infrastructure is typically 

achieved by utilizing ground penetrating radar (GPR). Such infrastructure usually consists of 

cylindrical objects such as pipes, cables, rebar, etc., which appear within the radar recording as 

hyperbola-shaped features. However, in real-world conditions, numerous factors can influence 

the shape of such features, further increasing the complexity of the analysis and interpretation. 

Radar recordings consist of a series of merged one-dimensional signals representing a forward 

time register of reflected events received by the radar antenna. In this thesis, a hybrid approach 

that combines time-frequency distributions (TFDs) with a deep convolutional neural network 

(CNN) is utilized in order to analyze hyperbola-shaped features with the purpose of estimating 

two-way travel time (TWTT), burial depth, cylindrical object diameter, and intersection angle 

(Ŭ). 

In order to develop a deep learning (DL) based system, real-world GPR data is acquired 

utilizing a GSSI UtilityScan GPR system across multiple survey locations within the city of 

Rijeka, Croatia. A dedicated labeling protocol is developed to map precise geospatial records 

from a geographic information system (GIS) to the GPR survey lines, enabling the automated 

generation of bounding box annotations for detected hyperbola-shaped reflections. 

Additionally, synthetic GPR data generated using gprMax simulation software is incorporated 

into the training process to increase instance diversity and improve the generalization of the 

utilized models. 

The proposed system is structured as a two-stage framework. In the first stage, the you 

only look once v11 (YOLOv11x) object detection model is employed for the detection and 

localization of hyperbola-shaped reflections within B-scans. In the second stage, the detected 

reflections are analyzed by the proposed cross-attention spatio-spectral fusion network, referred 

to as CASS-Fusion. The proposed network integrates spatial B-scan features extracted by an 

Xception backbone with localized spectral representations derived from Cohenôs class TFDs, 

fused via a multi-head cross-attention mechanism. The experimental results show that the 
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proposed hybrid architecture consistently outperforms both the standalone spatial and 

standalone spectral models across all four descriptive parameters, validating the core 

assumption that spatial and spectral representations encode complementary and partially 

independent information about the underground infrastructure. 

Keywords: Ground penetrating radar, underground infrastructure characterization, 

object detection and localization, deep learning regression, time-frequency distributions, spatio-

spectral feature fusion. 
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PROĠIRENI SAĢETAK 

Nedestruktivno istraģivanje i precizno mapiranje podzemne infrastrukture od apsolutne 

su vaģnosti za sigurno izvoĽenje graĽevinskih radova i napredno urbanistiļko planiranje. U tu 

se svrhu kao primarna tehnologija koristi georadar. Takva se infrastruktura uglavnom sastoji od 

cilindriļnih objekata kao ġto su cijevi, kablovi, armaturne ġipke itd., a koje se unutar radarskog 

zapisa (eng. B-scan) pojavljuju kao vizualne znaļajke hiperboliļkog oblika. MeĽutim, u 

realnim terenskim uvjetima, brojni ļimbenici poput heterogenosti tla, atenuacije signala te 

preklapanje refleksija znaļajno utjeļu na oblik takvih znaļajki, ġto znaļajno poveĺava 

kompleksnost analize i pravilne interpretacije. Ļesto koriġteni matematiļki modeli koji se 

temelje na preklapanju hiperbole i hiperboliļkih znaļajki, inherentno su ograniļeni 

nedostatkom prostornog zakljuļivanja potrebnog za rjeġavanje dvosmislenosti izmeĽu brzine 

ġirenja elektromagnetskog vala i stvarne dubine objekata. Shodno navedenom, u ovom se 

istraģivanju primjenjuje napredni hibridni pristup temeljen na dubokom uļenju koji integrira 

vremensko-frekvencijske distribucije s dubokim konvolucijskim neuronskim mreģama kako bi 

se iz hiperboliļkih znaļajki precizno procijenili kljuļni parametri, kao ġto su dvosmjerno 

vrijeme putovanja signala, dubina ukopa, promjer cilindriļnog objekta te prilazni kut (Ŭ). 

U svrhu razvoja sustava temeljenog na dubokom uļenju, prikupljeni su georadarski 

podaci u stvarnim uvjetima pomoĺu visoko-rezolucijskog georadarskog sustava GSSI 

UtilityScan na viġe mjernih lokacija na podruļju grada Rijeke, Hrvatska. Nadalje, razvijen je 

namjenski protokol za oznaļavanje podataka kako bi se precizni geoprostorni zapisi iz 

geografskog informacijskog sustava preslikali na radarske zapise te samim time omoguĺili 

automatsko generiranje anotacija u obliku graniļnih okvira koji obuhvaĺaju refleksije 

hiperboliļkog oblika. Dodatno, sintetiļki georadarski podaci generirani pomoĺu gprMax 

programske podrġke za elektromagnetsku simulaciju ukljuļeni su u proces treniranja kako bi se 

poveĺala raznolikost uzoraka i poboljġala generalizacija koriġtenih modela. 

Predloģeni sustav strukturiran je kao hijerarhijski razvojni okvir u dvije faze. U prvoj 

fazi koriġten je YOLOv11x model za detekciju i lokalizaciju hiperboliļkih refleksija unutar 
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radarskog zapisa. Eksperimentalna evaluacija dokazala je da YOLOv11x osigurava superiorne 

performanse i stabilnost u odnosu na RT-DETR-X model. U drugoj se fazi prethodno 

detektirane refleksije analiziraju pomoĺu predloģene prostorno-spektralne fuzijske mreģe s 

unakrsnom paģnjom, nazvane CASS-Fusion. Predloģena mreģa integrira prostorne znaļajke 

radarskog zapisa izdvojene pomoĺu Xception okosnice s lokaliziranim spektralnim 

reprezentacijama izvedenim iz vremensko-frekvencijskih distribucija Cohenove klase. Spajanje 

ovih potpuno razliļitih informacijskih domena vrġi se putem mehanizma unakrsne paģnje. 

Eksperimentalni rezultati pokazuju da predloģena hibridna arhitektura nadmaġuje samostalne 

prostorne i spektralne modele u procjeni sva ļetiri opisna parametra podzemne infrastrukture. 

To nadalje potvrĽuje temeljnu pretpostavku da prostorne i spektralne reprezentacije sadrģe 

komplementarne i djelomiļno neovisne informacije o podzemnoj infrastrukturi. Dodatno, 

istraģivanje je otkrilo kljuļnu zakonitost: odabir optimalne spektralne reprezentacije izravno je 

uvjetovano fiziļkom kompleksnoġĺu ciljanog parametra. Drugim rijeļima, Wigner-Villeova 

distribucija se pokazala optimalnom za procjenu dvosmjernog vremena putovanja signala i 

promjera cjevovoda, dok je Born-Jordanova distribucija ostvarila optimalne rezultate pri 

procjeni dubine ukopa i prilaznog kuta. Naposljetku, cjelokupni sustav u potpunosti je validiran 

na terenskim georadarskim podacima, ļime je uspjeġno uspostavljen dokaz koncepta u stvarnim 

radnim uvjetima. 

Kljuļne rijeļi: Georadar, opisni parametri podzemne infrastrukture, detekcija i 

lokalizacija objekata, regresija temeljena na dubokom uļenju, vremensko-frekvencijske 

distribucije, fuzija prostorno-spektralnih znaļajki. 
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CHAPTER 1 

INTRODUCTION 

Modern technologies are increasingly used in cities in order to provide citizens with a 

better standard of living through information and communication technology (ICT) [120]. In 

the context of smart industries and communal services, specifically water supply and the energy 

sector, the implementation of modern technological solutions is essential to maximize 

efficiency and minimize losses [87]. Detailed documentation of the existing state of 

underground infrastructure serves as a fundamental prerequisite for the correct evaluation of 

these systems and the strategic planning of future investments [68]. However, a certain part of 

existing data, which mostly contains infrastructure built in the last century, is frequently 

characterized by low quality and incoherence [41]. Updating such data using classical methods 

presents a time-consuming and costly challenge, which can negatively impact the realization of 

new capital investments [32]. Furthermore, costs rise unnecessarily due to the difficulty of 

executing maintenance and intervention. Organized data on underground infrastructure is 

indeed critical for effective system management, as it directly impacts service reliability, 

operational efficiency, and long-term infrastructure sustainability. 

Ground penetrating radar (GPR) is widely recognized as an efficient, non-destructive 

technique for subsurface surveying [51, 58, 70]. This method utilizes propagating 

electromagnetic (EM) waves to record changes in the EM characteristics of the subsurface [93]. 

Accordingly, radar scans consist of a series of 1D signals representing a time register of 

reflected events received by the radar antenna [61]. The relative contrast in permittivity between 

the background material and the underground infrastructure determines the propagation 

velocity of EM waves, which is the key factor in creating the radar reflection within the scan 
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[93]. The reliance on human-computer interaction (HCI) for interpreting GPR data is a well-

documented bottleneck in geophysical signal processing [79]. While GPR data acquisition is 

physically standardized, the processing and interpretation stages remain highly operator-

dependent, functioning as a quasi-manual signal processing loop where the operatorôs 

knowledge and experience directly shape the final output [95]. Additionally, manual analysis is 

demanding and inefficient, further encouraging the development of automatic systems which 

can process and analyze this type of data. Recent advancements in artificial intelligence (AI) 

and computational hardware have allowed the development of automated interpretation 

systems, which are strictly required to process the ever-increasing amounts of GPR data [94, 

135]. Nevertheless, estimating the descriptive parameters of underground infrastructure 

remains a significant challenge [56]. Complex subsurface scattering and noise can obscure 

target features; therefore, traditional approaches often struggle with the non-stationary nature 

of GPR signals [19]. Such limitations can be particularly problematic for estimating subtle 

geometric parameters like pipeline diameter and orientation, which, unlike burial depth, are not 

directly encoded in simple signal attributes [110]. In order to address such challenge, new 

hybrid approach proposed in this thesis combines the signal insights of time-frequency 

distributions (TFDs) with the adaptability of deep learning (DL). Combination of these methods 

results in robust simultaneous estimation of multiple descriptive parameters of underground 

infrastructure in complex, real-world environments. 

1.1 Related Work 

Facilitated by the rapid development of AI technology, machine learning (ML) methods 

are progressively being utilized to process GPR data. Some of the commonly used modeling 

methods are support vector machines (SVMs), artificial neural networks (ANNs), Naµve Bayes 

classifier, and genetic algorithm (GA) [5]. DL methods have also demonstrated broad 

applicability in the classification, detection, localization, and segmentation of GPR data. 

Therefore, such methods enable the direct learning of feature representations from data [51]. 

In 1995, during a period of renewed interest in ANNs, the first research paper using 

ANNs to analyze GPR data was published by Molyneaux et al. [83]. The authors used a three-

layer, fully connected network to detect the presence and the size of a bar. The findings 

demonstrated the neural network's ability to identify the position of the rebar, but not its size. 
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Overall, this preliminary research was a significant step forward in the use of ANNs for 

automatic detection of GPR object reflections. In the early 2000s, the interest in ANNs declined 

significantly due to computational limitations, overfitting concerns, and the requirement for 

large training datasets. For that reason, Al-Nuaimy et al. [3] developed a series of signal and 

image preprocessing steps in order to achieve high accuracy of neural network in GPR analysis. 

Around year 2004, SVMs began to gain interest of scientific community for automatic detection 

in GPR images. Therefore, Zhang et al. [131] used an SVM for landmine feature extraction and 

classification. A linear SVM was used to extract the important features to maximize the 

separation margin, reduce the number of misclassified instances, and provide better 

generalization. Following that, the SVM classifier's performance was evaluated using recursive 

classification and leave-one-out cross-validation. Pasolli et al. [90] proposed a novel pattern 

recognition system for the classification and identification of buried objects based on GPR 

imagery. Following the preprocessing and segmentation stages, the detection operation is 

performed iteratively using a genetic optimization framework, while the classification of the 

material type is achieved using an SVM classifier. Regardless of the GPR images complexity, 

the experimental results show that the proposed system performs well in terms of material 

detection and recognition. In order to locate underground infrastructure, Birkenfeld [12] used a 

multilayer feed-forward network to detect hyperbola reflection in GPR data. Prior to training, 

radargrams (i.e., B-scans) were preprocessed to enhance relevant subsurface features, after 

which trapezoidally bounded image crops enclosing one half of a hyperbolic reflection were 

used as input training instances. Hundreds of radargrams were recorded at various locations to 

ensure that the detection system was as sensitive to a wide range of geological conditions as 

possible. Such an approach has proven effective for automated hyperbola-shaped reflection 

detection. 

In 2015, deep convolutional neural networks (CNNs) began to be used for GPR data 

analysis and processing, despite their widespread use in other fields. Besaw and Stimac [11] in 

their research demonstrated deep CNNs' ability to extract meaningful features from 2-

dimensional GPR B-scans and classify buried explosive hazards. In 2019, the application of DL 

methods for real-time underground target detection using vehicle-borne GPR data was 

investigated by Zong et al. [137]. The research relied on a dataset of 489 labeled instances 

which included cables, rainwater wells, voids, metal and nonmetal pipes, as well as sparse and 

dense steel reinforcement. For feature extraction of the buried objects, the authors utilized 

DarkNet53, while YOLO algorithm was selected for classification and localization purposes. 
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Experimental results indicated that the proposed method is effective for real-time detection and 

classification, with an average precision (AP) of 0.869 and a recall of 0.892. Furthermore, Liu 

et al. [77] used a DL method for the automatic detection and localization of reinforced steel 

bars in concrete. The dataset consisted of 13,026 rebar targets in 3992 GPR images, which are 

collected on residential buildings under construction. The proposed AI method, single shot 

multibox detector (SSD), achieved an AP of 0.909 and area under the curve (AUC) of 0.94, 

which proves that the proposed method can be valuable for rebar detection with high accuracy 

in real-time. Feng et al. [35] in their research present a three-module system for the detection 

and reconstruction of underground targets. The first module, visual-inertial fusion is used to 

generate the pose information of GPR device. Then in the second module, the deep neural 

network is used to detect hyperbolic features within the GPR B-scan image, extract regions of 

interest to remove background noise, and predict the dielectric constant to determine the depth 

of subsurface objects. The third module represents a 3D GPR migration module that 

reconstructs and visualizes the 3D underground targets. The used neural network, DepthNet, 

resulted in an average accuracy of 92.64% for B-scan feature detection. Based on YOLOv3, Li 

et al. [73] introduced a technique designed to identify voids in concrete or soil structures and 

parabolic targets of various sizes. The proposed approach yielded a mean average precision 

(mAP) of 83.17% for single-class pattern recognition, whereas the detection of metal bars 

within concrete structures achieved a mAP score of 76.10%. Yamaguchi et al. [127] proposed 

a two-stage subsurface pipe detection algorithm combining a 3D-CNN and Kirchhoff 

migration. The 3D-CNN performed three-category classification of transverse pipes, 

longitudinal pipes, and no-pipe regions, achieving an overall accuracy of approximately 91% 

and improving over 2D-CNN by about 6% for transverse pipes by exploiting 3D pipe 

geometries. Both pipe types, transverse and longitudinal, were detected via a box-by-box 

search, after which Kirchhoff migration was applied to reconstruct 3D pipe maps. By 

combining YOLO models and 3D GPR images, Liu et al. [80] in their research aimed to 

improve detection efficiency and increase the maintenance benefits of an asphalt road. 

According to the comparison results of various YOLO series models, the YOLOv5m model is 

chosen to conduct the rapid identification of road defects. The chosen model resulted in mAP 

value of 91.61%. Training reliable DL models requires large amounts of labelled data in order 

to achieve satisfactory performance. For that reason, Zhang et al. [132] proposed a generative 

adversarial nets (GANs)-based deep learning framework which consists of two components. 

First, it generates new training data to address the scarcity of GPR data. Then, using a single-

stage DL object detection model, it automatically detects hyperbolic features within the GPR 
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B-scans through an end-to-end solution. According to the experimental results, the proposed 

method outperforms the existing state-of-the-art methods and achieves a mAP of 97%. 

While the previously discussed techniques demonstrate the capability to classify or 

initially identify target regions, a significant limitation remains in their ability to adequately 

characterize hyperbola-shaped reflections. The focus of this research extends beyond the 

detection and localization of hyperbola-shaped reflections. The importance is also given to the 

estimation of critical parameters, including burial depth, cylindrical object diameter, EM wave 

velocity, and the intersection angle between the GPR survey line and the cylindrical object. 

Such parameters can potentially be extracted from the hyperbola-shaped reflections captured 

by GPR. Hyperbola fitting is an often-used method for obtaining aforementioned information 

from these reflections. Nevertheless, a review of the existing literature indicates that only a 

limited number of researchers have successfully addressed some of these specific challenges. 

The research of Ristic et al. [96] offers a method for estimating both cylindrical object radius 

and EM wave propagation velocity from GPR data. The proposed method has an advantage 

over existing methods by obviating the need for a priori knowledge of propagation velocity, 

thereby eliminating the impact of velocity measurement errors on radius estimation accuracy. 

Accurate estimation of velocity leads to better soil characterization. The suggested method 

outperforms existing methods in terms of accuracy and robustness, particularly when dealing 

with noise and raw data. In 2016, Dou et al. [31] proposed a real-time technique for the 

automatic recognition and fitting of hyperbolic signatures in GPR data. The authors utilized a 

novel clustering algorithm to efficiently isolate and identify target signatures. Accordingly, this 

method successfully handles complex scenarios, including the detection of incomplete, 

distorted, or intersecting hyperbolic reflections. Furthermore, Lei et al. [72] in their research 

presented an automatic method of hyperbola detection and fitting. The proposed scheme for 

interpreting GPR images consists of faster R-CNN, preprocessing method, double cluster 

seeking estimate algorithm, and column-based transverse filter points method. The estimation 

of rebar diameter in facilities using GPR data was explored by Park et al. [89] using the 

YOLOv3 algorithm. A comparison of input data types revealed that migrated data (B-scans 

processed through frequency-wavenumber migration to relocate reflective surfaces to their true 

spatial positions) provided superior accuracy over standard B-scan data. Accordingly, the 

method achieved a mAP value of 93.89%, demonstrating that such a technique is valid for both 

rebar area detection and diameter estimation. Liu et al. [78] presented an automated YOLOv3 

DL approach for underground infrastructure recognition and localization. Features 
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corresponding to underground infrastructure were localized within the GPR data, after which 

migration and binarization were employed to estimate burial depth. Furthermore, Zhu and Ye 

[135] demonstrated a modular detection and quantitative inversion method for hyperbolic 

features in GPR B-scan imagery. In the first step, YOLOv7 is applied to automatically localize 

and identify hyperbolic features in the B-scans. The second step proposes a two-stage curve-

fitting technique based on previously detected features. The approach performs quantitative 

inversion of depth and radius based on several critical points of the hyperbolic pattern and the 

GPR system characteristics. Research results indicate the success of the developed method in 

estimating the depth and radius of underground infrastructure, provided that the radarôs 

trajectory is perpendicular to the alignment of the target. However, such geometric assumptions 

are frequently invalid in real-world survey conditions. Barkataki et al. [8] proposed a model for 

estimating the diameter of underground targets from GPR data. By applying the fast Fourier 

transform (FFT), input data initially collected in the time domain were transformed into the 

frequency domain and utilized to develop an ANN. Experimental testing confirmed the 

effectiveness of the proposed approach in estimating object diameter. Xu et al. [125] proposed 

a methodology based on DL for estimating the burial depth and radius of underground pipelines. 

A parabola model was used instead of a hyperbola model to, according to the authors, 

effectively obtain the symmetry axis of the pipeline image, which, along with a series of 1D 

data, was used as input to long short-term memory (LSTM) neural networks for burial depth 

estimation. Radius estimation, on the other hand, was performed using CNNs based on the 

aforementioned depth estimate and additional GPR derived features. Synthetic test instances 

were generated using gprMax software in order to validate the effectiveness of the proposed 

methodology. He and Lai [43] in their research provided a thorough comparison of two 

hyperbolic and three non-hyperbolic fitting models by mathematically expressing them as a 

single optimization problem. The authors examined the influence of the distance between the 

transmitter and receiver within the antenna, object diameter, burial depth, and relative soil 

permittivity on the performance of mathematical models describing hyperbolic features. To 

quantitatively estimate the performance of the models, a novel cost function (the C-value) was 

proposed, and the evaluation was accordingly structured as an optimization problem. The 

results reveal that various parameters have distinct influences on the performance of the models 

relative to reality. Jin et al. [60] introduced GPR-Former, a transformer-based neural network 

architecture designed for the automatic extraction and fitting of hyperbolic signatures in GPR 

B-scans. The proposed methodology localizes subsurface target responses in order to estimate 

the mathematical shape parameters associated with hyperbolic features. Such an approach 
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enables the determination of key parameters such as size, depth, and material. Experimental 

results indicate that GPR-Former automatically and efficiently extracts hyperbolic patterns 

from B-scan imagery with a significant improvement in performance compared to state-of-the-

art methods. 

In order to address structural integrity, Hou et al. [52] proposed a method for estimating 

the width and depth of hidden cracks in tunnel linings. The authors combined features from the 

time-frequency (TF) domain with a neural network. Experimental results indicate higher 

accuracy and generalization capability for models trained on features from the TF domain 

compared to models trained only with features from the time domain. Considering that in 

practical applications information about the radarôs approach angle relative to cylindrical object 

is often unknown, Lai et al. [69] conducted an analysis on that topic. Experimental results on a 

concrete specimen with steel bars of known diameter at five cover depths revealed that reducing 

the oblique angle to 45ę produces velocity overestimation errors of up to 30%. Consequently, 

the authors proposed a reliable method for correcting such errors. Building on this foundation, 

He and Lai [44] presented a new technique based on hyperbolic patterns found within GPR 

data. The technique performs estimation of EM wave propagation velocity, pipeline orientation, 

and burial depth. The innovation of this method focuses on the inclusion of an angle correction 

index in classical mathematical models describing hyperbolic features. Notably, the method 

proposes two fitting models: a simpler point-source model (M1) that requires no prior 

knowledge of pipeline diameter, and a more accurate hyperbolic-like model (M2) that 

incorporates pipeline diameter and antenna separation as known inputs to improve estimation 

accuracy. Such capability represents significant advancement, as orientation is typically treated 

as a known prior in standard workflows despite the difficulty of accurately determining it in 

real-world field settings. 

1.2 Research Motivation and Hypotheses 

The exhaustive literature review presented above reveals a critical gap in the current 

body of knowledge: at the time of this research, no prior work has developed a DL-based system 

that leverages TFDs to simultaneously estimate the complex multi-parameter characteristics of 

underground infrastructure. Specifically, existing methodologies fail to comprehensively 
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address the simultaneous estimation of burial depth, pipeline diameter, EM wave velocity, and 

the intersection angle between a GPR survey line and a pipeline. 

In order to address this gap, the main goal of the proposed research is to develop a DL-

based system capable of estimating the descriptive parameters of underground infrastructure 

and the surrounding medium by integrating TFDs with deep CNNs. In accordance with the 

aforementioned goal, the following research hypotheses are proposed: 

¶ Utilizing deep learning techniques, it is possible to achieve high performance in the 

detection and localization of underground infrastructure objects. 

¶ Through a customized deep neural network architecture, it is possible to achieve the 

estimation of underground infrastructure parameters (burial depth, cylindrical object 

diameter, and the intersection angle between the GPR survey line and the target object), 

from which the EM wave velocity of the surrounding medium can be derived. 

Based on the aforementioned hypotheses, the scientific contributions of this thesis are defined 

as follows: 

¶ A protocol for GPR data labeling based on precise geospatial records from a geographic 

information system (GIS). 

¶ A DL-based model for detection and localization of underground infrastructure objects. 

¶ A hybrid model for estimating the descriptive parameters of underground infrastructure 

and the surrounding medium based on TFDs and CNNs. 

1.3 Research Methodology 

The main goal of the proposed research is to develop a two-stage framework in which 

the first stage performs detection and localization of underground infrastructure objects, and 

the second stage estimates descriptive parameters of the infrastructure and the surrounding 

medium. The first step in developing the aforementioned framework is acquiring a dataset of 

real-world GPR data. In this research, data acquisition is conducted using a Geophysical Survey 

Systems Inc. (GSSI, Nashua, NH, USA) UtilityScan GPR system. Afterwards, a dedicated 

labeling protocol is required to link precise geospatial records from a GIS to the GPR survey 
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line. Such an approach identifies intersections with mapped utilities and generates bounding 

boxes in the corresponding GPR B-scans. As an additional layer of quality control, each 

annotation is manually validated and refined by domain experts. In parallel, synthetic GPR data 

is generated with gprMax simulation software to increase instance diversity and enable 

controlled variation of physical parameters. GPR data is then preprocessed before the training 

of the models, which includes time-zero correction, band-pass filtering, and exponential gain 

function application. In the first stage, the labeled data are used to train object detection 

algorithms to identify hyperbola-shaped features associated with the underground 

infrastructure. In the second stage, detected and localized hyperbola-shaped features are used 

to train a hybrid DL model that estimates key descriptive parameters, including burial depth, 

cylindrical object diameter, EM wave velocity, and the intersection angle between the GPR 

survey line and the target object. The hybrid model is trained on sequential features obtained 

by combining detection outputs with TFDs from Cohenôs class. Performance evaluation is 

performed using k-fold cross-validation, with detection- and regression-oriented metrics 

applied as appropriate for each stage. In addition, a traditional hyperbola-fitting model is 

implemented as a baseline for parameter estimation to support a direct comparison against the 

proposed DL-based system. 

1.4 Organization of the Thesis 

The thesis is structured into seven chapters which progressively introduce the physical 

and methodological foundation of this research. 

Chapter 1 introduces the research problem and establishes broader motivation for 

reliable characterization of underground infrastructure in modern utility management. Based on 

the research gap identified in the literature review, the chapter defines the main research focus 

and formulates the corresponding hypotheses, while also outlining the expected scientific 

contributions. 

Chapter 2 provides the theoretical background required to interpret GPR data in the 

context of subsurface imaging. In other words, it describes the principles of EM wave 

propagation and the formation of hyperbola-shaped reflections associated with cylindrical 

targets. Such reflections can be mathematically characterized; therefore, the hyperbola-fitting 
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model is presented. Furthermore, the chapter covers the acquisition of real-world GPR data, as 

well as the generation of synthetic data. 

In Chapter 3, the DL concepts and architectures utilized within the proposed two-stage 

framework are presented. More precisely, it includes object detection approaches for detecting 

and localizing hyperbola-shaped features in the first stage, as well as regression-oriented 

models for estimating the descriptive parameters of underground infrastructure in the second 

stage. 

Chapter 4 introduces TFDs and TF analysis using Cohenôs class distributions as the 

signal processing component required for the hybrid estimation approach. At the end of the 

chapter, TF representations of selected GPR A-scan instances are shown. 

In Chapter 5, the proposed system for parameter estimation of underground 

infrastructure is presented. The chapter describes the end-to-end workflow and methodology of 

the two-stage framework, which includes the integration of detected hyperbola-shaped features 

with Cohenôs class TFDs. In addition, the performance evaluation metrics are described, which 

includes the use of k-fold cross-validation along with the selection of detection- and regression-

oriented metrics for each stage of the framework. 

Experimental results are presented in Chapter 6 along with a corresponding discussion 

of the obtained performance for both stages of the framework. The performance of each stage 

is presented, compared, and discussed, together with the performance of a traditional hyperbola-

fitting model used as a baseline to support direct comparison against the proposed DL-based 

system. 

As the last section of the thesis, Chapter 7 concludes the research by summarizing the 

main findings, discussing the potential limitations, and outlining directions for future work.
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CHAPTER 2 

PRINCIPLES OF GROUND 

PENETRATING RADAR WAVE 

PROPAGATION AND 

SUBSURFACE IMAGING 

 GPR, often referred to as georadar or ground probing radar, is a versatile geophysical 

tool with a wide range of applications. Although GPR was initially applied primarily to natural 

geological materials, it has since proven equally effective for a variety of other media such as 

wood, concrete, and asphalt [61]. By utilizing propagating EM waves, GPR interacts with 

subsurface structures and produces reflections in response to contrast in electromagnetic 

properties [6]. Typically, a GPR unit consists of a transmitting and receiving antenna. The 

acquisition of subsurface data can be described as follows: an EM pulse emitted by the 

transmitting antenna penetrates the ground, where it is either reflected off an interface or 

scattered off point sources (both induced by contrast in relative permittivity). Afterwards, the 

reflected or scattered energy then propagates back to the ground surface and is captured by the 

receiving antenna [6]. Relative permittivity characterizes a materialôs ability to store 

electromagnetic energy in response to an applied field and influences the propagation of EM 

waves. The contrast in relative permittivity between the background material and the object of 

interest affects the propagation velocity of EM waves and is the primary controlling factor in 
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reflection generation [6]. A larger contrast in relative permittivity leads to a greater impedance 

mismatch, resulting in stronger reflection. The described behavior is quantitatively governed 

by the Fresnel equations [105]. In GPR data, an A-scan is considered as the fundamental unit 

of measurement, representing a one-dimensional radar trace that captures reflected or scattered 

EM waves from subsurface structures at a single location [123]. In other words, an A-scan is a 

one-dimensional representation of EM signal amplitude versus the two-way travel time 

(TWTT) of the radar pulse. A sequence of A-scans acquired along a survey line forms a B-scan, 

also known as a radargram. A B-scan creation process utilizing a GPR illustrated in the x-z 

coordinate system is shown in Figure 2.1. 

 

Figure 2.1 A B-scan creation process utilizing a GPR in x-z coordinate system. 

According to Figure 2.1, the GPR survey line is represented by the x-axis, while the 

TWTT of the EM wave is represented by the z-axis. GPR data are typically characterized by 

weak, deep reflection echoes, which require the use of preprocessing techniques in order to 

enhance signal quality and interpretability [1]. Therefore, before further analysis, several 

standard preprocessing techniques need to be applied. First step is defining a time-zero position 

which is a reference point in the recorded radar trace (A-scan) that marks the moment when the 

transmitted EM wave leaves the transmitting antenna and begins propagating into the medium 

[130]. In theory, time-zero should coincide with the transmission start; however, in practice, 

various factors can influence the initial time pick. According to Yelf [129], the choice of time-
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zero determination method depends on factors such as radar configuration, antenna design, 

internal delays in the electronics, and subsurface conditions, resulting in a variety of approaches 

reported in the literature. In practice, the time-zero position is determined either by adopting 

heuristic or calibration-based techniques. After the time-zero is accurately determined, the 

second step is usually applying a band-pass filter in order to attenuate both low-frequency drift 

and high-frequency random noise outside the effective bandwidth of the antenna system [9]. 

This way, the signal is restricted to the designed frequency range in which the antenna operates 

most efficiently. Third, an exponential gain function needs to be applied in order to compensate 

for signal attenuation with increasing depth and to improve the visibility of deeper echoes [28]. 

In other words, by utilizing such an approach, the weaker signals originating from greater 

depths are not overshadowed by stronger shallow reflections. 

The following instances are generated within a homogeneous medium in order to isolate 

the case from the influence of a complex environment and noise effects. Instances of A-scans 

as well as the corresponding B-scan are shown in Figure 2.2. The left column presents 

individual A-scans obtained at distances of 0.0, 0.5, and 1.0 meters. Each A-scan represents the 

recorded amplitude of reflected EM wave as a function of time at a single location. Consecutive 

A-scans are recorded along the survey line of the GPR and aligned in sequence. By stacking A-

scans, a B-scan is created as shown in the right column of Figure 2.2. The red ellipses and 

arrows indicate the position within the B-scan that corresponds to the individual A-scan shown 

in the left column. The cylindrical object utilized to generate the instance data has a diameter 

of 0.1 meters and is placed within a dielectric half-space with a relative permittivity of 9. The 

burial depth is 0.75 meters, and the GPR survey line is oriented perpendicular to the cylindrical 

object. These parameters directly influence the characteristics of the resulting reflection. 

Additionally, when the survey line is perpendicular to a cylindrical object, i.e. a subsurface 

pipeline, hyperbolic features appear within the B-scan. Moreover, the transformation from 

multiple A-scans to a single B-scan enables the visualization of subsurface structures as well as 

the identification and interpretation of buried objects of interest. In the presented instance, time-

zero correction is not performed in order to visualize the influence of both the direct wave and 

the air wave. This way, the early-arriving signals remain visible in the B-scan and provide 

insight into how they may affect the subsequent interpretation. The direct wave represents the 

part of the EM signal that travels directly from the transmitting antenna to the receiving antenna 

[4]. 
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Figure 2.2 B-scan creation process. The left column displays A-scans recorded at distances of 

0.0, 0.5, and 1.0 meters, while the right column shows the resulting B-scan, with arrows 

indicating the locations of the corresponding A-scans. 
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Direct wave arrives almost immediately since it travels through the air and does not contain 

subsurface reflection. However, the detection of direct wave is important since it can interfere 

with weaker reflected signals from shallow buried targets. On the other hand, an air wave refers 

to the part of the EM signal that travels through the air instead of propagating into the ground 

[4]. Such signals can reflect off the ground surface or nearby objects and produce artificial 

reflections that can be misinterpreted as genuine subsurface targets. 

Sandy or dry soils typically have low relative permittivity, which leads to higher wave 

velocities, whereas clay-rich or moist soils slow down wave propagation. In GPR applications, 

the dependence of velocity on soil composition is crucial since it directly influences the 

accuracy of depth estimation. Therefore, if the characteristics of the soil are known, the depth 

of the cylindrical objects in low-loss condition can be estimated as [4]: 

Ὀ
ὝὡὝὝ ὧ

ςЍ‐‘
ȟ ςȢρ 

in which, the EM wave velocity is defined as: 

ὺ
ὧ

Ѝ‐‘
ȟ ςȢς 

where TWTT represents the two-way travel time of the EM wave, ὧ denotes the velocity of EM 

waves in free space, ‐ is the relative permittivity, and ‘ stands for the relative permeability. 

When only the burial depth parameter is observed with all other parameters fixed, a 

deeper cylindrical object produces a wider (i.e., more open) hyperbolic reflection, whereas a 

shallower object yields a narrower (i.e., more curved) reflection. This behavior is visually 

demonstrated in Figure 2.3, where in (a) the burial depth is 0.35 meters, and in (b) the burial 

depth is 1.75 meters. The instances are generated within a homogeneous medium with a relative 

permittivity of 9, using a cylindrical object with a diameter of 0.5 meters, and a GPR survey 

line oriented perpendicular to the object. The time-zero correction is performed; therefore, the 

grayish upper section of the B-scan is removed, and the TWTT scale is adjusted accordingly. 

The observed variation in the shape of the hyperbolic reflections is primarily caused by changes 

in geometric path length, where the increased distance to a deeper object causes the radar waveôs 

travel time to change more slowly with horizontal movement. A secondary factor is the 

widening of the antenna radiation pattern with depth, which disperses energy in the subsurface 

and further affects the amplitude and detectable extent of the hyperbolic feature [25]. 
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(a) (b) 

Figure 2.3 Comparison of hyperbolic reflections at different burial depths within a 

homogeneous medium with a relative permittivity of 9. The cylindrical object has a diameter 

of 0.5 meters, and the GPR survey line is oriented perpendicular to the object. In (a), the burial 

depth is 0.35 meters (measured from the ground surface to the top of the object), whereas in 

(b), the burial depth is 1.75 meters. 

The relative permittivity of the subsurface medium directly influences the propagation 

velocity of EM waves as seen in (2.1) and (2.2). In other words, it affects the shape of hyperbolic 

reflections found within the B-scans. The wave velocity and relative permittivity are inversely 

related, therefore, a lower value of relative permittivity will result in wider hyperbolic reflection 

and vice versa. Such behavior is demonstrated in Figure 2.4, where the burial depth is 0.55 

meters, the cylindrical object diameter is 0.5 meters, the GPR survey line is oriented 

perpendicular to the object, while the relative permittivity in instance (a) is 3, and in instance 

(b) is 21. A low relative permittivity, which corresponds to a medium like dry sand, allows the 

signal to propagate faster, causing smaller changes in travel time as the antenna moves 

horizontally. In contrast, a material with high relative permittivity, which corresponds to a 

medium like wet clay, causes the radar signalôs travel time to change sharply with horizontal 

movement, therefore resulting in narrower hyperbolic reflection. In Table 2.1, the typical ranges 

of relative permittivity and the corresponding EM wave velocities are provided for various 

geologic materials. Given values serve as a reference for interpreting subsurface condition and 
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(a) (b) 

Figure 2.4 Comparison of hyperbolic reflections for different relative permittivities in a 

homogeneous medium. The burial depth is 0.55 meters (measured from the ground surface to 

the top of the object), the cylindrical object diameter is 0.5 meters, and the GPR survey line is 

oriented perpendicular to the object. In (a), the relative permittivity is 3, whereas in (b), the 

relative permittivity is 21. 

estimating material composition based on GPR survey data. Moreover, (2.1) shows that 

parameters such as the cylindrical object diameter and the angle between the GPR survey line 

and the cylindrical object are not considered, despite having an impact on the shape of the 

resulting hyperbolic reflection. Ignoring such parameters introduces inaccuracies and makes 

the interpretation of B-scan data more challenging. A more precise mathematical formulation 

that accounts for these parameters is therefore introduced in the following subsection. The effect 

of cylindrical object diameter on the resulting hyperbolic reflection is demonstrated in Figure 

2.5. The instances are generated utilizing the following parameters: a burial depth of 1.175 

meters, a homogeneous medium with a relative permittivity of 21, and a GPR survey line 

oriented perpendicular to the object. In instance (a), the object diameter is 0.15 meters, while 

in instance (b), the object diameter is 0.65 meters. It can be observed that a larger diameter 

produces a slightly wider hyperbolic reflection, and vice versa. By introducing a more complex 

surrounding environment it becomes evident that determining such a parameter from B-scans 

represents a significantly more challenging task. 
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Table 2.1 Typical ranges of relative permittivity and corresponding EM wave velocities in 

various geologic materials [7]. 

Material Ůr [29] Ůr [27] Velocity (m/ns) 

Air 1 1 0.3 

Distilled water 80 / 0.03 

Fresh water 80 81 0.03 

Sea water 80 / 0.03 

Fresh water ice 3 ï 4 4 0.15 ï 0.17 

Sea water ice / 4 ï 8 0.11 ï 0.15 

Snow / 8 ï 12 0.09 ï 0.11 

Permafrost / 4 ï 8 0.11 ï 0.16 

Sand, dry 3 ï 5 4 ï 6 0.12 ï 0.17 

Sand, wet 20 ï 30 10 ï 30 0.05 ï 0.09 

Sandstone, dry / 2 ï 3 0.17 ï 0.21 

Sandstone, wet / 5 ï 10 0.09 ï 0.13 

Limestones 4 ï 8 / 0.11 ï 0.15 

Limestone, dry / 7 0.11 

Limestone, wet / 8 0.11 

Shales 5 ï 15 / 0.08 ï 0.13 

Shale, wet / 6 ï 9 0.10 ï 0.12 

Silts 3 ï 30 / 0.05 ï 0.13 

Clays 5 ï 40 / 0.05 ï 0.13 

Clay, dry / 2 ï 6 0.12 ï 0.21 

Clay, wet / 15 ï 40 0.05 ï 0.08 

Soil, sandy dry / 4 ï 6 0.12 ï 0.15 

Soil, sandy wet / 15 ï 30 0.05 ï 0.08 

Soil, loamy dry / 4 ï 6 0.05 ï 0.08 

Soil, loamy wet / 15 ï 30 0.07 ï 0.09 

Soil, clayey dry / 4 ï 6 0.12 ï 0.15 

Soil, clayey wet / 10 ï 15 0.08 ï 0.09 

Coal, dry / 3.5 0.16 

Coal, wet / 8 0.11 

Granites 4 ï 6 / 0.12 ï 0.15 

Granite, dry / 5 0.13 

Granite, wet / 7 0.11 

Salt, dry 5 ï 6 4 ï 7 0.11 ï 0.15 
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(a) (b) 

Figure 2.5 Comparison of hyperbolic reflections for different cylindrical object diameters. The 

burial depth is 1.175 meters (measured from the ground surface to the top of the object), the 

relative permittivity of the homogeneous medium is 21, and the GPR survey line is oriented 

perpendicular to the object. In (a), the diameter is 0.15 meters, whereas in (b), the diameter is 

0.65 meters. 

Within the 3D view of the B-scan creation process, the angle between the GPR survey 

line and the cylindrical object is represented by the parameter Ŭ, as shown in Figure 2.6. The 

values of the parameters, including relative permittivity, burial depth, and cylindrical object 

diameter, are 9, 0.75 meters, and 0.1 meters, respectively. The angle is set to 90ę in illustration 

(a) and the corresponding B-scan (c), whereas it is 30ę in illustration (b) and the corresponding 

B-scan (d). The demonstrated example shows how different angles influence the resulting 

reflection within the B-scan. A smaller angle produces a wider hyperbola-shaped reflection with 

a flatter apex, while an angle closer to 90ę results in a narrower reflection with a sharper peak. 

Additionally, when parameters such as cylindrical object diameter, angle, and characteristics of 

the real antenna system are introduced, the resulting reflection is no longer hyperbolic in the 

mathematical sense. Therefore, from this point onward, such reflections will be referred to as 

hyperbola-shaped reflections. 
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(a) (b) 

  

(c) (d) 

Figure 2.6 Illustration of the angle ï Ŭ between the GPR survey line and the cylindrical object, 

along with the corresponding B-scans. The relative permittivity, burial depth, and cylindrical 

object diameter are defined as 9, 0.75 meters, and 0.1 meters, respectively. With the 

aforementioned parameters fixed, different values of the angles are used: (a) 90ę, and (b) 30ę. 
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2.1 Mathematical Model of Hyperbola-Shaped 

Reflections 

The hyperbola-shaped reflections introduced in the previous section can be 

mathematically described using the mathematical model proposed by Sham and Lai [101]. The 

model includes all the parameters of interest, such as burial depth, cylindrical object diameter, 

angle between GPR survey line and a cylindrical object, as well as the separation between 

transmitter and receiver antennas. An illustration of the model is provided in Figure 2.7. 

 

Figure 2.7 Physical layout of the GPR measurement process for mathematical modelling of 

hyperbola-shaped reflections. 

The illustration demonstrates that the horizontal position of the antenna system is 

indicated as ὼ and ὼ, while the vertical position expressed in terms of TWTT is denoted by ὸ 

and ὸ. The parameter ὶ represents the radius of the cylindrical object, while Tx and Rx 

correspond to the transmitter and receiver antennas, respectively. Based on Figure 2.6 and 

Figure 2.7, hyperbola-shaped reflection can be mathematically described as follows [44]: 

ὸ
Ὀ Ὀ

ὺ
ȟ ςȢσ 

Ὀ Ὀ ὶ
Ὀ ὶὶ

Ὀ ὶ ὼÓÉÎ‌
ὼÓÉÎ‌

ὼÓÉÎ‌ ὶ

Ὀ ὶ ὼÓÉÎ‌
ὄ ȟςȢτ 
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and 

Ὀ Ὀ ὶ
Ὀ ὶὶ

Ὀ ὶ ὼÓÉÎ‌
ὼÓÉÎ‌

ὼÓÉÎ‌ ὶ

Ὀ ὶ ὼÓÉÎ‌
ὄ ȟςȢυ 

where Ὀ represents the distance from the transmitter (Tx) to the cylindrical object, Ὀ 

represents the distance from the cylindrical object to the receiver (Rx), ὺ is the velocity of EM 

waves in the medium, Ὀ stands for the burial depth (measured from the ground surface to the 

top of the cylindrical object), ‌ defines the angle between a GPR survey line and a cylindrical 

object, and ὄ is half of the antenna separation. 

The presented mathematical model can accurately describe the hyperbola-shaped 

reflections, however, it comes at the cost of computational complexity. The model can be 

formulated as a hyperbola-fitting problem, where the objective is to estimate a set of parameters 

including ὺ, Ὀ, ὶ, and ‌, under the assumption that the antenna separation is known. 

Considering the aforementioned, a mathematically defined hyperbola-shaped curve can be 

aligned with the hyperbola-shaped reflection located within the B-scan, by which the optimal 

parameters can be determined [72]. Therefore, the described formulation can be considered as 

an optimization task, in which the aim is to perform precise curve fitting. Optimization can be 

achieved by utilizing specific algorithms that iteratively adjust model parameters in order to 

reduce the error function [55]. 

Many iterative algorithms require careful selection of parameter values in order to 

achieve optimal performance [82]. In some cases, numerous parameters can be adjusted 

resulting in many possible combinations which increase computational cost and complexity. 

More traditional approaches to parameter value selection such as grid search and random search 

can be extremely computationally costly and sometimes infeasible [36]. Such approaches do 

not converge to the best solution as quickly since the set of parameter values for the upcoming 

iteration is not based on the evaluations from previous iterations. Therefore, a significant 

amount of time and computational resources can be spent evaluating models with a poor 

selection of parameter values. In contrast to the aforementioned approaches, the Bayesian 

approach for parameter value optimization selects the next set of parameter values based on 

previous evaluation results [108]. This way, a posterior distribution of functions that best 

describe the target function can be constructed. Therefore, Bayesian optimization (BO) can be 

described as an iterative algorithm with a probabilistic surrogate model and an acquisition 
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function [17]. As a result, the Bayesian approach for parameter values selection can find optimal 

values in fewer iterations compared to grid search or random search approaches. According to 

Wu et al. [122], BO is used to solve the hyperparameter tuning problem. Based on the obtained 

results, the proposed method proved to be efficient in hyperparameter search for ML models. 

Borgli et al. [15] in their research utilized the BO for automatic hyperparameter optimization 

of CNN models. With such an approach, the results were 10% better than other related work. 

Victoria and Maragatham [113] in their research used the Bayesian hyperparameter 

optimization algorithm in order to enhance the performance of the CNN model trained on the 

CIFAR-10 dataset. The authors concluded that BO for hyperparameter selection saves time and 

improves performance. 

Considering the aforementioned, it can be concluded that BO effectively combines 

statistical modeling and decision-making strategies in order to optimize complex functions. 

Therefore, in this research BO is utilized to find optimal parameter values and ensure 

convergence during the process of fitting hyperbola-shaped reflections within the B-scans. The 

BO process can be described as follows: first, the objective function Ὢ is sampled at a few initial 

points. These points can be selected randomly or through systematic methods. Second, a 

Gaussian process (GP) is typically utilized as the surrogate model, which can be defined as 

[103]: 

Ὢὼ ὋͯὖάὼȟὯὼȟὼ ȟ ςȢφ 

where άὼ represents the mean function, and Ὧὼȟὼᴂ stands for covariance function. The 

άὼ is often assumed to be zero if no prior knowledge is available, while Ὧὼȟὼᴂ is the kernel 

function that defines the covariance between any two points in the input space. One commonly 

used kernel is the squared exponential kernel, or in other words, Gaussian kernel [119]: 

Ὧὼȟὼ Ὡὼὴ
ρ

ςὰ
ᴁὼ ὼᴂᴁ ȟ ςȢχ 

where ὰ is the parameter that determines the rate at which the correlation decays with distance, 

and ᴁὼ ὼᴁ represents squared Euclidean distance measuring the dissimilarity between a pair 

of points. 

 Determining the next sampling point is achieved by maximizing an acquisition function 

that balances the trade-off between exploration and exploitation. Frequently used acquisition 



D. Ġtifaniĺ: A Deep Learning-Based System for Estimating 

Underground Infrastructure Parameters Using GPR Data 
CHAPTER 2: PRINCIPLES OF GROUND PENETRATING 

RADAR WAVE PROPAGATION AND SUBSURFACE IMAGING 

 

24 
 

functions include expected improvement (EI), and upper confidence bound (UCB) [62, 106]. 

The expected increase in the objective function relative to the best current observation is 

measured by the EI, which is mathematically defined as [62]: 

ὉὍὼ άὥὼὪὼ Ὢὼ ȟπ ȟ ςȢψ 

where Ὢὼ  represents the current best observed value of Ὢ, and Ͻ denotes the expectation 

taken over the uncertainty in Ὢὼ. Furthermore, UCB is defined as [106]: 

Ὗὅὄὼ ‘ ὼ Ὧ „ ὼȟ ςȢω 

where ‘ ὼ and „ ὼ represent the mean and standard deviation of the GPôs estimations 

at point ὼ, while Ὧ  corresponds to a parameter that balances exploration and exploitation.  

The evaluation of the objective function in BO begins with the maximization of the 

acquisition function, through which point ὼ is selected. Afterwards, the objective function value 

Ὢὼ is calculated and the result is added to the existing dataset. The updated dataset is then 

utilized in order to refine the GP model [103]. The process continues iteratively, including the 

repeated updates of the acquisition function, selection of new sampling points, and refinement 

of the surrogate model. This way, the surrogate model becomes more accurate in approximating 

the objective function, allowing the optimization process to gradually converge toward the 

optimal solution [100]. Since BO is an iterative process, defining stopping criteria prevents 

unnecessary computational overhead. Typical stopping criteria include reaching the maximum 

number of evaluations or achieving a convergence threshold where further improvements 

become negligible [62]. 

On the other hand, scalability, computational overhead, and dependence on the choice 

of surrogate model and acquisition function are considered as limitations of BO [34]. While BO 

is effective for low- to moderate-dimensional problems, in high-dimensional spaces, the 

complexity of the surrogate model also increases significantly, which can negatively affect the 

optimization process [30]. According to Snoek et al. [104], by increasing the number of 

evaluations, the surrogate model fitting process and maximizing the acquisition function can 

also introduce computational overhead. The overall performance of BO heavily depends on the 

selection of the surrogate model and the acquisition function, both of which require careful 

consideration and parameter tuning in order to achieve optimal results. In summary, by 
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strategically balancing exploration of unexplored regions and the exploitation of promising 

areas, BO can significantly reduce the number of evaluations required to locate the optimum. 

2.2 Acquisition of Real-World GPR Data 

Utilizing Geophysical Survey Systems Inc. (GSSI) UtilityScan GPR, shown in Figure 

2.8, real-world B-scans are acquired throughout the city of Rijeka, Croatia. The GPR is 

equipped with a 350 MHz antenna in which, according to the manufacturer specification, the 

separation between the Tx and Rx antennas is 0.16 meters. The spatial sampling interval is 60 

instances-per-meter, indicating that 60 A-scans are acquired for each meter of survey line during 

the data acquisition process. Additionally, the GPR is also equipped with a global navigation 

satellite system (GNSS), which, in combination with the Croatian positioning system 

(CROPOS), provides centimeter-level accuracy. 

 

Figure 2.8 GSSI UtilityScan GPR system equipped with 350 MHz antenna [39]. 

The subsurface surveying is performed at 33 micro-locations, which resulted in a total 

of 1051 B-scans representing underground pipeline infrastructures with various characteristics. 

In order to capture different perspectives of the features of interest, the GPR survey is performed 
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in three main lines (directions): horizontal, vertical, and diagonal. Additionally, the survey is 

conducted in a mesh pattern, with multiple survey lines recorded along each direction. The 

spacing between adjacent survey lines ranged from approximately 0.5 to 1.5 meters due to 

differences in terrain and site conditions. B-scan data acquired in this manner includes a variety 

of heterogeneous and complex subsurface environments with variations in composition, soil 

type, and moisture content. These properties directly affect the propagation velocity of EM 

waves and, thereby, impact the estimation of burial depth, pipeline diameter, and the angle 

between the GPR survey line and the pipeline [124]. The underground infrastructure consists 

of metal and plastic pipelines used for various purposes such as water and gas supply, district 

heating, sewage, stormwater drainage, etc. The characteristics and positions of the pipelines are 

stored in city infrastructure records, which are documented during construction and installation. 

These records are legally mandated to be documented with high precision under construction 

regulations in order to obtain a use permit. Geospatial data, such as GPR survey lines and 

pipeline positions, can be analyzed and visualized using the open-source software quantum 

geographic information system (QGIS). An example showing the pipeline positions for a wider 

area is presented in Figure 2.9. This area corresponds to the University of Rijekaôs Campus, 

where the pipeline highlighted in red represents the district heating system, while the one 

highlighted in blue represents the water supply system. 

 

Figure 2.9 Pipeline positions of the district heating system (red) and water supply (blue) within 

a wider area, visualized using QGIS software and Google Maps. 
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It is important to note that numerous other pipelines of various purposes are also buried 

within the same location, however, for simplicity of demonstration, only these two pipelines 

are shown. Additionally, as shown in Figure 2.10, QGIS is utilized to visualize the GPR 

surveying at the selected micro-location. Similar to the previous example, the thicker lines 

represent the pipelines, while the thinner lines arranged in a mesh pattern correspond to the 

GPR survey lines. Furthermore, the circular dots of various colors mark the exact intersection 

points between the GPR survey lines and the pipelines. Such an extensive surveying strategy is 

crucial to ensure that pipelines are intersected at multiple angles, thereby maximizing the 

diversity of reflection signatures. In addition to positional information provided in GPS 

coordinates, the pipeline records usually include parameters such as burial depth, pipeline 

diameter, and material composition. 

 

Figure 2.10 Visualization of GPR surveying at the selected micro-location. The thicker red line 

represents the district heating system, while the thicker blue line corresponds to the water 

supply network. The thinner lines arranged in a mesh pattern indicate the GPR survey lines, 

and the circular dots mark the intersection points between the GPR survey lines and the 

pipelines. Additionally, survey line 28 is marked with a black arrow. 

Survey line 28 
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Therefore, by integrating GPR with GNSS and CROPOS data alongside city infrastructure 

records, precise pipeline annotations can be determined within each B-scan. Given this 

integration, a standardized protocol for annotating GPR data is required. 

First, at the chosen location, the area of interest is surveyed using the GPR in a mesh 

pattern to ensure comprehensive spatial coverage. The acquired B-scans are georeferenced with 

the corresponding GPS coordinates, which are then compared with the city infrastructure 

records. With focus on the area of interest, each pipeline segment is analyzed and compared 

with each GPR survey line in order to determine intersection points. If a crossing is detected, 

the GPS coordinates of the intersection point are calculated, and the angle between the GPR 

survey line and the pipeline is determined. Moreover, information such as burial depth and 

pipeline diameter are also stored. This process is iteratively repeated until all pipeline segments 

in the area of interest have been examined. In order to successfully annotate the hyperbola-

shaped reflection within the B-scan, the vertical position of the reflection remains uncertain 

even when the burial depth is known from records. The uncertainty arises due to the unknown 

characteristics of the subsurface composition, more precisely, the relative permittivity of the 

soil. Therefore, the conversion from TWTT to actual burial depth cannot be directly established. 

In such cases, the relative permittivity value is measured or manually estimated based on expert 

experience with local soil conditions. Finally, as an additional quality control measure, four 

independent domain experts manually reviewed, refined and validated all annotations. Such a 

protocol ensures that the annotations are fully aligned with the actual underground object of 

interest, i.e., the pipelines. The unprocessed B-scan acquired along survey line 28, marked in 

Figure 2.10 with a black arrow, is presented in Figure 2.11. It can be seen that, without 

preprocessing, the hyperbola-shaped reflections are barely visible. Moreover, since time-zero 

correction has not been applied, the vertical positioning of the reflections is inaccurate. After 

performing the time-zero correction, the A-scans of the raw data at 1.5 and 2.0 meters are shown 

in Figure 2.12. The amplitude of the returning EM wave is a relative quantity, and the vertical 

axis is therefore expressed in arbitrary units (a.u.) [115]. Since the digitization process scales 

the returning EM wave according to the converterôs bit depth and dynamic range, the resulting 

amplitude values depend on the ADC quantization scale rather than any absolute physical 

magnitude. Analyzing the A-scan data reveals that the returning EM waves are typically 

complex and non-stationary signals, characterized by a varying frequency spectrum [33]. 
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Figure 2.11 Unprocessed B-scan acquired using GSSI UtilityScan GPR equipped with a 350 

MHz antenna, representing survey line 28 marked with black arrow in Figure 2.10. Two 

hyperbola-shaped reflections can be found between 1.0 and 2.5 meters along the x-axis, with 

their apexes located around 30 nanoseconds. 

  

(a) (b) 

Figure 2.12 A-scans acquired at distances of (a) 1.5 meters and (b) 2.0 meters after time-zero 

correction. The apexes of the hyperbola-shaped reflections are visible within the signals at 

approximately 25 nanoseconds. 
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In real-world applications, these signals often contain noise and multiple overlapping 

components. Therefore, it is methodologically justified to perform a TF analysis, as this 

approach will enable a more comprehensive characterization of the signalôs temporal and 

spectral properties [88]. 

After applying the preprocessing techniques described in Chapter 2, the resulting, fully 

annotated B-scan is shown in Figure 2.13. The annotated hyperbola-shaped reflections 

correspond to the district heating system, featuring an outer pipeline diameter of 0.219 meters.  

 

Figure 2.13 Preprocessed and annotated B-scan acquired using GSSI UtilityScan GPR 

equipped with a 350 MHz antenna, representing survey line 28 marked with black arrow in 

Figure 2.10. Two bounding box annotations are visible within the B-scan, each enclosing a 

hyperbola-shaped reflection corresponding to underground infrastructure, where both pipelines 

belong to the district heating system. 

The reflection enclosed by the red bounding box appears at 25.07 nanoseconds which 

corresponds to a burial depth of 1.13 meters, while the reflection enclosed by the green 

bounding box appears at 24.40 nanoseconds, corresponding to a burial depth of 1.1 meters. The 

angle between the GPR survey line and the pipeline is 87ę for the red-annotated pipeline and 

89ę for the green-annotated pipeline. 
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Utilizing the above-described standardized protocol for annotating GPR data, a total of 

1596 annotations are generated across 1051 B-scans, yielding an average of approximately 1.52 

annotations per one B-scan. These annotations can be used for the purpose of detecting and 

localizing underground infrastructure objects. However, annotations that are suitable for 

detection and localization are not automatically suitable for the parameter estimation task. 

Specifically, for the estimation of underground infrastructure parameters such as burial depth, 

pipeline diameter, EM wave velocity, and the angle between the GPR survey line and the 

pipeline, 732 annotations can be used. The remaining 864 annotations are excluded due to 

missing or imprecise parameter data. A subset of the excluded annotations corresponds to cases 

where the pipeline diameter information is undocumented or physically unverified within the 

available GIS records. In such instances, the absence of a diameter value renders the annotation 

unsuitable for supervised regression. Similarly, a portion of the exclusions arises from 

insufficient burial depth precision. This typically occurs when burial depth information relies 

solely on operator estimation without verification across multiple measurement points along 

the pipeline. Since burial depth estimation requires an accurate correspondence between the 

annotated apex of the hyperbola-shaped reflections and the known physical depth of the target, 

imprecise or unverified parameter values would bias the regression model during both the 

training and evaluation processes. Accordingly, retaining such annotations would reduce the 

modelôs predictive capability on unseen data. TWTT is a directly observable parameter within 

the B-scan data, typically identifiable through mostly clear visual cues such as the apex of 

hyperbola-shaped reflections [124]. Therefore, the estimation of EM wave velocity can be 

achieved by incorporating TWTT together with the key parameters defined in (2.3) - (2.5). 

The statistical distributions and pairwise relationships across the 732 instances of 

underground infrastructure parameters are visually represented in Figure 2.14. The vertical 

positions of the hyperbola-shaped reflections apexes within the B-scan data, expressed as 

TWTT, range from 9.2328 to 42.1902 nanoseconds, depending on the burial depth and the EM 

characteristics of the subsurface. The burial depths of the pipelines range from 0.4 to 1.95 

meters, while their diameters vary from 0.025 to 0.6 meters. Additionally, the angle between 

the GPR survey line and the pipeline ranges from 19ę to 90ę, encompassing a wide range of 

intersection geometries. In order to provide a more straightforward overview of the data 

distribution and overall characteristics, a descriptive statistical analysis is performed, with the 

results summarized in Table 2.2. 
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Figure 2.14 Statistical distribution and pairwise relationships of the underground infrastructure 

descriptive parameters. The diagonal plots represent the marginal probability density of TWTT, 

burial depth, pipeline diameter, and angle between the GPR survey line and the pipeline, 

whereas the off-diagonal scatter plots illustrate the underlying structural relationships between 

all parameter combinations. 

According to Table 2.2, the TWTT has a mean of 23.1606 nanoseconds and a standard 

deviation of 6.4493 nanoseconds, which indicates a moderate spread in reflection times. Most 

pipelines are located at shallow to moderate depths, with an average burial depth of 1.0555 

meters and a low standard deviation of 0.3004 meters. Moreover, the majority of annotated 

objects are tightly clustered, as evidenced by the fact that 50% of instances fall within the 0.8 

to 1.3 meter range. Pipeline diameters have a mean value of 0.2074 meters with an interquartile 
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range of 0.11 meters. Such a narrow range suggests that the surveying area primarily contains 

pipelines of a consistent size, concentrated within 0.16 to 0.27 meters in outer diameter. On the 

other hand, the angle between the GPR survey line and the pipeline varies widely, with a mean 

of 73.1636ę and a standard deviation of 19.2149ę. The high upper quartile (75% - 89.0076ę) 

strongly suggests that the majority of reflections are recorded with the survey line nearly 

perpendicular to the pipelines of interest. The heavy skew in the angle data represents a critical 

methodological consideration, therefore, the system development should incorporate 

appropriate validation strategies to minimize errors when estimating parameters for pipelines 

recorded at angles smaller than 50ę. 

Table 2.2 Descriptive statistics of the key parameters extracted from the GPR B-scan data, 

presenting the mean, standard deviation, minimum, 25th percentile, median (50%), 75th 

percentile, and maximum for TWTT, burial depth, pipeline diameter, and intersection angle. 

n = 732 TWTT (ns) 
Burial depth 

(m) 

Pipeline 

diameter (m) 
Angle ï Ŭ (ę) 

mean 23.1606 1.0555 0.2074 73.1636 

std 6.4493 0.3004 0.0816 19.2149 

min 9.2328 0.4000 0.0250 19.0000 

25% 17.3826 0.8000 0.1600 53.0004 

50% 22.1988 1.0000 0.2100 85.9967 

75% 28.2043 1.3000 0.2700 89.0076 

max 42.1902 1.9500 0.6000 90.0000 

 

In order to analyze the relationships between individual pipeline parameters, a Pearson 

correlation analysis is performed. Such a statistical method quantifies both the strength and 

direction of linear associations between pairs of continuous variables [84]. As illustrated in 

Figure 2.15, the correlation analysis reveals an exceptionally high correlation between the 

TWTT and the burial depth, with a coefficient value of 0.9866. The relationship is 

mathematically described with (2.1) and (2.2). From a statistical perspective, including both 

TWTT and burial depth in a standard linear model can be problematic due to multicollinearity. 

However, from a physical and research standpoint, this strong correlation is invaluable. More 

precisely, the simultaneous estimation of TWTT and burial depth presents an opportunity to 

calculate the EM wave velocity for a given local environment. Moreover, moderate positive 
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correlations are observed between TWTT and pipeline diameter, as well as between burial depth 

and pipeline diameter, both with a value of approximately 0.45. In other words, pipelines with 

larger outer diameters tend to be buried deeper than the smaller diameter pipelines. 

 

Figure 2.15 Pearson correlation matrix illustrating the relationships among underground 

pipeline characterization parameters such as TWTT, burial depth, pipeline diameter, and angle 

between the GPR survey line and the pipeline. 

However, the observed pattern reflects the characteristics of the specific micro-locations 

surveyed and should not be interpreted as a universal rule. In contrast, the correlation 

coefficients involving the angle parameter (ranging from -0.0570 to 0.0383) confirm that the 

TWTT, burial depth, and pipeline diameter are not linearly affected by the angle at which the 

GPR survey line intersects the pipeline. 

 According to the aforementioned analyses, a key limitation identified is the insufficient 

dispersion of parameter values. In system development, where the main aim is parameter 

estimation of underground infrastructures, utilizing such data can potentially result in biased 

and poorly generalized estimations. The most challenging parameter is the angle ï Ŭ, for which 

the descriptive statistics revealed a heavy skew. In order to address the critical data gap and 

ensure the robustness of the final system, synthetic data generation is required. Simulation 
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software that can be utilized for the purpose of generating physically accurate and realistic GPR 

data is called gprMax [116]. Therefore, with particular attention to intersection angles below 

50ę, the synthetic dataset can be specifically designed to augment the original data by 

incorporating the missing characteristics. 

2.3 Generation of Synthetic GPR Data with 

GprMax 

In order to address the challenges discussed in subsection 2.2 regarding data diversity 

and the underrepresentation of certain pipeline parameter values, the open-source simulation 

software gprMax is utilized. By using the finite-difference time-domain (FDTD) method to 

solve Maxwellôs equations in 3D, gprMax simulates EM wave propagation [116]. Although the 

software was initially developed specifically for GPR modelling, it is applicable to a wide range 

of EM wave propagation problems. 

All macroscopic EM phenomena are described by Maxwellôs equations [99]. These 

represent a set of first-order partial differential equations which describe the relations between 

the fundamental EM field quantities and corresponding dependence on their sources. Therefore, 

Maxwellôs macroscopic equations, expressed in partial differential form within a coherent 

system of units, can be written as follows, representing Faradayôs law, the Amp̄re-Maxwell 

law, Gaussôs law for magnetism, and Gaussôs law for electricity [40]: 

ᶯ Ὁ
‬ὄ

‬ὸ
ȟ ςȢρπ 

ᶯ Ὄ
‬Ὀ

‬ὸ
ὐ ὐȟ ςȢρρ 

Ͻɳὄ πȟ ςȢρς 

ϽɳὈ ήȟ ςȢρσ 

where the variables are defined as follows: E represents the electric field (V/m), B denotes the 

magnetic field density (T), t is the time (s), H stands for the magnetizing field (A/m), D indicates 
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the electric displacement field (C/m2), Jc and Js represent the conduction and impressed current 

densities (A/m2), and qv defines the volume electric charge density (C/m3). 

Maxwellôs equations assume that field vectors are single-valued, bounded, and 

continuous functions of position and time. Therefore, to simulate the GPR response from a 

particular target, the aforementioned expressions have to be solved subject to the geometry of 

the problem and the initial conditions [116]. The FDTD method solves Maxwellôs equations 

numerically by discretizing the continuous domains of space and time [111]. The chosen 

resolution, defined by the spatial Ўὼ, Ўώ, Ўᾀ, and temporal Ўὸ step sizes, is crucial since finer 

discretization will result in an FDTD model which is closer to a real representation of the 

problem. However, in real-world applications, the discretization steps cannot be infinitely small 

due to computational cost. Hence, the FDTD model is essentially a discretized representation 

of the real physical problem. 

The simulation utilizes the built-in model of the commercial GSSI 400 MHz antenna to 

realistically implement the transmitter-receiver characteristics. The antenna model includes the 

specific physical geometry and shielded bow-tie structure of the actual hardware. In this way, 

the simulated wavelets and radiation patterns closely match real-world survey data. In order to 

enhance the realism of the simulation, the soil medium is modeled using the semi-empirical 

Peplinski mixing model, which is valid for the 0.3 ï 1.3 GHz frequency range [91]. The model 

created in such a way derives dielectric properties from physical soil parameters, i.e., sand 

fraction, clay fraction, bulk density, and volumetric water content. The properties are spatially 

distributed using a fractal stochastic formulation to replicate the natural heterogeneity of 

subsurface environments. Based on the aforementioned setup, a dataset of synthetic GPR scans 

is generated by varying the physical parameters of cylindrical objects and the surrounding soil 

medium. Simulations include two scenarios: homogeneous soil (dielectric half-space) ï a model 

where the soil has a constant relative permittivity; and heterogeneous soil (Peplinski model) ï 

a realistic model where soil properties vary stochastically using fractal distributions and the 

Peplinski mixing model. The computational domain is defined with dimensions of 2.38 m  

0.3 m  2.0 m for the ὼ, ώ, and ᾀ direction, respectively, and a spatial discretization of 0.002 

m. Such high resolution is necessary in order to accurately model high-frequency wave 

propagation and small-scale soil heterogeneities. For the purpose of suppressing boundary 

reflections and simulating an unbounded domain, perfectly matched layers (PML) are applied 

to the edges of the computational grid [10]. The time window parameter determines how long 
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the FDTD solver runs for each A-scan. Since the simulation is computationally expensive, an 

adaptive approach based on the input depth is employed. As a result, the target objects can be 

fully captured without running the simulation for unnecessarily long periods. 

The cylindrical objects are modeled as perfect electric conductors (PEC), in other words, 

metallic objects with high reflectivity. The key input parameters defining such objects are depth, 

diameter, and angle between the GPR survey line and the objectôs longitudinal axis. By varying 

these parameters, data diversity and coverage of underrepresented parameters can be achieved. 

In the case of homogeneous simulation scenario, the soil is modeled as a dielectric half-space 

with a fixed permittivity, which ranges from 3 to 21 across the generated B-scans. As for the 

heterogeneous simulation scenario, a fractal box is used to generate a stochastic distribution of 

soil properties using fractal correlated noise. Before each B-scan generation, values are 

randomly generated for sand fraction, clay fraction, bulk density, sand particle density, and 

volumetric water fraction. The ranges for these parameters are 0.05 ï 0.95, 0.05 ï 0.60, 1.1 ï 

2.2 g/cm3, 2.46 ï 2.86 g/cm3, and 0.01 ï 0.35, respectively. Moreover, the stochastic distribution 

of materials within the soil is controlled by a fractal dimension parameter of 1.5. The number 

of materials used for the fractal distribution ranges from 12 to 43, allowing smooth transitions 

in soil properties. 

The simulation process begins with A-scan acquisition where the GSSI 400 MHz 

antenna is moved across the surface in 120 steps. A step size of 0.0167 m is used to correspond 

with the spatial sampling interval of the real-world GPR data described in subsection 2.2. 

Accordingly, 60 A-scans are generated for each meter of survey line, resulting in a total B-scan 

length of 2 m. Experimental testing shows that a 2 m B-scan is sufficient for capturing the 

diverse range of hyperbola-shaped reflections similar to those found within the real-world GPR 

data. Accordingly, the simulation process iterated through a specific parameter space of depths 

(0.35 ï 1.95 m), diameters (0.1 ï 0.5 m), and angles (15ę ï 90ę) to generate the synthetic dataset. 

A total of 382 synthetic B-scans is generated, with two representative instances illustrating 

homogeneous and heterogeneous soil conditions presented in Figure 2.16. The characteristics 

of cylindrical object used in the instances are as follows: burial depth of 0.525 m (to the top), 

diameter of 0.15 m, and angle between the GPR survey line and the objectôs longitudinal axis 

of 45ę. From Figure 2.16 (a), it can be seen that the background is a uniform gray, indicating a 

constant dielectric permittivity throughout the medium. The hyperbola-shaped reflection is 

clean and sharp without fading or broken curves, in other words, idealized response. Moreover, 
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the shape of the reflection can be perfectly described by the mathematical model described in 

subsection 2.1. The aforementioned is possible since the hyperbola-shaped reflection is purely 

a function of the objectôs depth, diameter, intersection angle, and the soilôs constant velocity. 

Such a simulation represents a perfect scenario; the closest real-world equivalent occurs when 

an object is located in a nearly homogeneous environment, for example, a pipeline buried in 

dry, sifted sand or a controlled concrete testbed. In contrast, the background of the 

heterogeneous soil B-scan in Figure 2.16 (b) is filled with smaller irregular reflections caused 

by the fractal distribution of soil properties (sand, clay, water, etc.). In this case, the hyperbola-

shaped reflection is not as clear as it is in the homogeneous soil. The reflection lacks the ideal 

geometry required for a perfect fit with standard mathematical models. The deviation is caused 

by the complexity of the materials and the variability of the surrounding medium. It is evident 

that the heterogeneous model successfully mimics the complex textures observed in real GPR 

data. Such complex reflections are expected in real-world situations where the environment 

consists of numerous materials mixed together, for example in typical underground utility 

surveys. 

In cases where the hyperbola-shaped reflection differs from the ideal shapes described 

by analytical models, traditional curve-fitting methods may fail to accurately distinguish and 

estimate the parameters of the cylindrical objects of interest [99]. For this reason, the 

implementation of DL methods for the parameter estimation of underground infrastructure from 

GPR data is fully justified. DL-based models are capable of learning such complex, non-linear 

features that mathematical models cannot easily capture [71]. 
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(a) (b) 

Figure 2.16 Instances of synthetic data generated using gprMax simulation software. The 

cylindrical object has a diameter of 0.15 m and is buried at a depth of 0.525 m (to the top), with 

a 45ę orientation relative to the GPR survey line. The simulations represent two different soil 

environments: (a) homogeneous soil with a relative permittivity of 11, and (b) heterogeneous 

soil based on the Peplinski mixing model.
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CHAPTER 3 

DEEP LEARNING 

The overall research workflow is structured as a comprehensive, two-stage automated 

framework. This framework is specifically designed to estimate the descriptive parameters of 

underground infrastructure located within the complex, heterogeneous soil environments. The 

illustration of the framework is given in Figure 3.1. Initially, a dataset containing real-world 

instances recorded utilizing a GSSI UtilityScan GPR is established. The system aims to achieve 

robust estimation of underground infrastructure descriptive parameters, therefore, relying solely 

on skewed real-world data can lead to biased and poorly generalizing models. In order to 

address this limitation, simulated synthetic data is used in parallel with real-world data. Before 

any model training procedure, both the acquired real-world GPR data and the synthetic data 

undergo necessary preprocessing and a ground-truth annotation process. In the first stage of the 

developed system, the processed and prepared datasets are utilized to train advanced object 

detection algorithms, which are described in subsection 3.1 of this chapter. The primary 

objective of this first stage is to automatically identify and localize hyperbola-shaped reflections 

within the B-scan data. The modelsô performances are evaluated in order to determine the best 

performing object detection model. Afterwards, the detected hyperbola-shaped reflections are 

isolated and further processed. The output of the first stage, i.e., the object detection stage, 

provided in the form of bounding box coordinates, is used to crop the corresponding regions of 

the B-scan. More specifically, for each detected hyperbola-shaped reflection, the relevant 

segment is extracted from the original B-scan based on the estimated bounding box dimensions. 

The absolute position along the vertical axis is preserved during the cropping procedure. This 

vertical area above the reflection significantly influences the resulting geometry and shape of 
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the hyperbola-shaped feature. In this manner, the extracted features retain both the spatial and 

structural information necessary for accurate parameter estimation. 

 

Figure 3.1 Framework of the DL-based system for the detection and localization of hyperbola-

shaped reflections from GPR B-scan data, along with the estimation of underground 

infrastructure descriptive parameters. 

Geometric signatures isolated in this way are then systematically transferred to the 

second stage of the framework, where they are utilized to train the parameter estimation model. 

The estimation of descriptive underground infrastructure parameters is enabled by leveraging a 

DL feature extraction backbone integrated with a custom regression head. Since the pipeline 

diameter and intersection angle represent a high-complexity regression problem, the model is 

optimized via a custom weighted MSE loss function. Such an approach guides the models to 
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allocate greater representational capacity toward the more challenging geometrical estimations, 

in this case, the pipeline diameter, and intersection angle. The comprehensive performance 

evaluation of the DL model architectures is performed across multiple feature extraction 

backbones, as described in subsection 3.2. Furthermore, the impact of synthetic data inclusion 

is investigated by directly comparing performances of models trained on real-world data with 

those trained on a combined dataset. Finally, the resulting performances are analyzed in order 

to validate the optimal backbone configuration and input data composition. 

3.1 Detection and Localization of Cylindrical 

Objects 

Underground pipelines, when surveyed utilizing GPR, appear as hyperbola-shaped 

features within the B-scan profiles. The features appear due to the reflection and diffraction of 

EM waves from the curved surfaces of the pipelines; therefore, they represent the primary 

objects of interest in this research. Since accurate detection and localization of cylindrical 

objects are of critical importance, two state-of-the-art object detection algorithms are utilized: 

You Only Look Once (YOLO) version 11, and Real-Time Detection Transformer (RT-DETR). 

YOLOv11 is employed due to its capability to perform end-to-end detection with high 

computational efficiency. The advanced convolutional backbones enable robust hierarchical 

feature extraction, while at the same time, the anchor-free design simplifies the detection 

framework [65]. On the other hand, RT-DETR utilizes self-attention mechanisms in order to 

capture long-range dependencies within the B-scan data [134]. Global context modeling can be 

effective in distinguishing the complex curvature of deep hyperbola-shaped features from 

surrounding geological layers. According to previous research, both algorithms have shown 

strong capability in identifying small, curved, and low-contrast targets [18, 74, 117, 128]. 

Therefore, they are considered as well-suited options for recognizing features of interest within 

the B-scans. The algorithms output hyperbola-shaped features precisely enclosed within 

bounding boxes. Each bounding box contains exactly one hyperbola-shaped feature, with 

coordinates representing the horizontal and vertical positions in terms of GPR travel distance 

and TWTT, respectively. The raw bounding box coordinate data will be processed afterwards 

in order to estimate the actual physical characteristics of the pipelines in question. 
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3.1.1 You Only Look Once v11 

The first algorithm used is YOLOv11, which, at the time of its release, represented a 

significant step forward in the YOLO series for object detection tasks. Significant 

advancements have been made in both network architecture and training methodology. The key 

improvements are enhanced feature extraction, better optimization for computational 

efficiency, and increased detection accuracy [65]. The aforementioned improvements resulted 

in higher values of performance measures for the YOLOv11m model on the COCO benchmark 

dataset, while at the same time using 22% fewer parameters compared to YOLOv8m.  

Several architectural innovations support these improvements, including the cross stage 

partial block with kernel size 2 (C3k2), spatial pyramid pooling-fast (SPPF), and the 

convolutional block with parallel spatial attention (C2PSA). Structure diagram of the 

YOLOv11 network is shown in Figure 3.2. 

 

Figure 3.2 Structure diagram of the YOLOv11 network. 
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The C2PSA component, for example, introduces significant advancement in spatial attention 

mechanisms. As a result, the model can focus more effectively on critical regions within an 

image. Together, all the aforementioned components enable more effective feature 

representation and information processing, thereby improving the modelôs ability to analyze 

and interpret complex visual information [42]. The innovations resulted in improved detection 

performance, especially in scenarios involving partially occluded or structurally complex 

objects [65]. In addition, YOLOv11 is also built with scalability in mind, providing a spectrum 

of models that range from smaller, resource-efficient nano versions to larger configurations 

intended for high-demand applications. YOLOv11 not only handles object detection but also 

proves useful in several related tasks, including image classification, instance segmentation, 

pose estimation, and oriented object detection [2, 59]. As a unified framework, it is capable of 

solving diverse computer vision tasks within a single architectural design. 

3.1.2 Real-Time Detection Transformer 

RT-DETR can be seen as a rather different approach to object detection since it 

introduces a real-time end-to-end transformer-based framework. In this way, the computational 

limitations traditionally associated with DETR-based architectures are effectively avoided. 

However, this benefit comes with design challenges that impact efficiency in practice. The 

original DETR architecture eliminates the need for hand-crafted anchor and non-maximum 

suppression (NMS) components by relying on bipartite matching to produce one-to-one 

predictions directly. On the other hand, in practice, slow training convergence, along with high 

computational cost, and hard-to-optimize queries can be expected [134]. These issues are 

especially restrictive when real-time deployment is required. Therefore, many DETR variants 

have been proposed to overcome the aforementioned limitations.  

The development of RT-DETR follows a two-step process: the first step improved 

processing speed without sacrificing detection accuracy, while the second step improved 

accuracy without sacrificing processing speed [136]. The architecture itself consists of three 

primary components, including a convolutional backbone network, a hybrid encoder, and a 

transformer decoder with auxiliary prediction heads as shown in Figure 3.3. The hybrid encoder 

and the uncertainty-minimal query selection are considered as key innovations in RT-DETR. 

The hybrid encoder is designed to expeditiously process multi-scale features by decoupling 

intra-scale interactions and cross-scale fusion operations [45]. Considering the above-
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mentioned, architectural separation enables efficient feature processing, while at the same time 

maintaining the modelôs ability to capture both local details and global contextual information. 

On the other hand, the uncertainty-minimal query selection improves the quality of the initial 

object queries provided to the decoder [67]. The transformer decoder is equipped with auxiliary 

prediction heads; therefore, it iteratively optimizes the object queries in order to output 

classification labels and bounding box coordinates [63]. By allowing the adjustment of decoder 

layers, the flexible speed-accuracy trade-offs are supported in RT-DETR, which enables 

adaptation to diverse computational constraints and deployment scenarios. 

 

Figure 3.3 Structure diagram of the RT-DETR. AIFI denotes attention-based intra-scale feature 

interaction, while CCFF refers to cross-scale feature fusion. 

3.2 Estimation of Underground Infrastructure 

Characteristics 

In order to perform estimation of the underground infrastructure characteristics from B-

scans, the output in the form of bounding box coordinates provided by the object detection 

algorithm is required. Using detection-derived regions of interest helps isolate the hyperbolic 

signature from surrounding reflections. By combining the aforementioned detected regions with 
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a deep learning model architecture, the simultaneous estimation of parameters such as TWTT, 

burial depth, pipeline diameter, and the angle between the GPR survey line and a pipeline can 

be performed. In this setting, each cropped segment corresponds to a single hyperbola-shaped 

reflection and is paired with continuous ground-truth labels for the four target variables. This 

estimation process relies on B-scan segments that are cropped according to the bounding box 

coordinates obtained during the object detection phase. For each identified hyperbola-shaped 

reflection, the corresponding segment is extracted from the original B-scan. Since the absolute 

position along the vertical axis significantly affects the shape and geometry of the hyperbola-

shaped feature, such information is retained during the cropping. This way, the extracted 

hyperbola-shaped features preserve the spatial and structural information necessary for precise 

infrastructure characteristics estimation.  

DL model architectures utilized for simultaneous parameter estimation of underground 

infrastructure are: DenseNet, Xception, NASNet, and EfficientNetV2. In all cases, ImageNet 

pretrained backbones are utilized as feature extractors. In order to successfully leverage these 

pretrained weights, specific formatting of the input data is required. GPR B-scans are 

represented as single-channel (grayscale) data arrays. Since ImageNet pretrained backbones 

expect three-channel (RGB) inputs, the single-channel segments are duplicated across three 

channels. Restricting the network input to a single grayscale channel would result in a 

dimensional mismatch at the initial convolutional layer, thereby preventing the direct utilization 

of the pretrained feature extractors. Furthermore, the extracted B-scan segments must be resized 

to match the specific input shape predetermined by each model architecture. In order to enable 

multi-variable regression with the aforementioned models, a custom model head must be 

implemented since standard model heads are typically not designed to output continuous-valued 

parameters. Such a modification allows for the simultaneous estimation of multiple 

underground infrastructure characteristics [110]. The custom model head is composed of the 

following sequence of layers: a global average pooling 2D (GAP2D) layer, two fully connected 

(FC) layers, a dropout layer, an additional FC layer, and the output layer. The two initial FC 

layers each contain 128 neurons with the rectified linear unit (ReLU) activation functions. The 

dropout regularization is applied with a rate of 0.3 in order to minimize the probability of 

overfitting. The following FC layer consists of 64 neurons with a ReLU activation function. 

Finally, the output layer contains four neurons with a linear activation function, which enables 

the simultaneous regression of the four target parameters. The structure of the custom model 
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head is shown in Figure 3.4, while an overview of the deep learning model architectures is 

provided in the following subsections. 

 

Figure 3.4 Structure of the custom model head implemented to extend standard deep learning 

architectures for multi-variable regression. This design enables the simultaneous estimation of 

underground infrastructure characteristics such as: TWTT, burial depth, pipeline diameter, and 

the angle between GPR survey line and the pipeline. 

3.2.1 DenseNet 

In 2016, Huang et al. [53] introduced the dense convolutional network (DenseNet). The 

network offers several advantages: it alleviates the vanishing gradient problem, improves 

feature propagation, encourages feature reuse, and reduces the number of parameters. The 

aforementioned is possible due to the dense connectivity among layers, which allows each layer 

to receive direct input from all preceding layers and pass its own feature maps to all subsequent 

layers in a feed-forward manner. The dense connection allows for direct access to gradients 

from the loss function and original signal throughout the neural network hierarchy [54]. This 

way, the training stability and convergence are improved. Due to the high efficiency and 

robustness to overfitting, architecture is commonly used in computer vision tasks. The structure 

of a deep DenseNet model with three dense blocks is shown in Figure 3.5. 



D. Ġtifaniĺ: A Deep Learning-Based System for Estimating 

Underground Infrastructure Parameters Using GPR Data 
CHAPTER 3: DEEP LEARNING 

 

48 
 

 

Figure 3.5 Structure of a deep DenseNet with three dense blocks. Transition layers, positioned 

between two adjacent blocks, change the size of feature maps through the application of 

convolution and pooling operators. 

3.2.2 Xception 

The Xception architecture proposed by Chollet [22] provides a substantial development 

in depthwise separable convolutions by reformulating the Inception hypothesis. The innovation 

utilizes depthwise separable convolutions as the fundamental building block, where Inception 

modules are replaced by depthwise convolutions followed by pointwise convolutions. The 

subsequent 11 pointwise convolution combines information across channels, whereas the 

depthwise convolution performs spatial filtering independently for each channel. The 

underlying hypothesis assumes that cross-channel and spatial correlations within feature maps 

can be fully decoupled. The depthwise separable convolution mechanism reduces parameter 

complexity, lowers computational cost, and improves model efficiency while maintaining 

equivalent or greater performance [64]. To facilitate gradient flow and convergence in deeper 

configurations, the architecture also incorporates linear residual connections around the 

convolutional blocks. Considering the aforementioned, the Xception model architecture is 

suitable for applications that require a balance between model complexity and performance. 

The structure of an Xception architecture is shown in Figure 3.6. 
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Figure 3.6 Structure of an Xception architecture. All convolution and separable convolution 

layers are followed by a batch normalization layer. 

3.2.3 NASNet 

Zoph et al. [138] presented an approach that automatically designs model architectures 

directly on the dataset of interest using neural architecture search (NAS) techniques. Due to the 

high computational cost of large-scale data search, the authors employed a proxy task, 

identifying optimal cells on the CIFAR-10 dataset before transferring them to ImageNet. 

Reinforcement learning-based search algorithms are used in order to find the best convolutional 

cell structures within a predefined search space. The NASNet architecture used for ImageNet 

is presented in Figure 3.7. 
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Figure 3.7 Overview of the NASNet scalable cell-based design. The diagram highlights the 

ImageNet architecture configuration and the structure of the optimal NASNet-A convolutional 

cells with B = 5 blocks originally identified on CIFAR-10. 
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In order to maximize performance and computational efficiency, the automated search 

mechanism systematically analyzes architectural configurations. The process identifies two 

types of modules: normal cells, which preserve spatial dimensions, and reduction cells, which 

perform downsampling [92]. Transferable convolutional cells can be stacked to construct neural 

networks with different depths. Therefore, applications requiring cutting-edge performance can 

benefit from the NASNet model design. 

3.2.4 EfficientNetV2 

Tan and Le [112] introduced the EfficientNetV2 family of models, achieving improved 

parameter efficiency and faster training by integrating training-aware NAS with optimized 

scaling strategies. By including Fused-MBConv (mobile inverted bottleneck convolution) 

blocks in addition to traditional MBConv blocks and implementing progressive resizing during 

training, the training efficiency can be increased. Fused-MBConv replaces the depthwise-

pointwise decomposition with a single regular convolution in early stages, which tends to run 

more efficiently on modern accelerators when feature maps are large. The overall structure of 

the EfficientNetV2-L (large) architecture, together with the designs of the MBConv and Fused-

MBConv blocks is shown in Figure 3.8. The progressive learning mechanism, which gradually 

increases image resolution and regularization strength during training, is utilized to enable the 

model to learn from smaller, less regularized images before progressing to full resolution inputs 

[107]. EfficientNetV2 is therefore appropriate for applications where high training efficiency 

and rapid model deployment are essential. 
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Figure 3.8 Structures of the EfficientNetV2-L (large) architecture, along with the designs of 

the MBConv and Fused-MBConv blocks. 
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CHAPTER 4 

TIME-FREQUENCY ANALYSIS 

USING COHENôS CLASS 

DISTRIBUTIONS 

For stationary signals, the statistical and spectral properties remain constant throughout 

the entire observation period. In contrast, the term non-stationary signal refers to signals whose 

statistical properties change over time. The variations in statistical properties may be observed 

through different characteristics such as amplitude fluctuations, instantaneous frequency 

modulations, or the presence of multiple spectral components [14]. Therefore, most real-world 

signals, including GPR data, are non-stationary and can be either single- or multi-component 

[76]. A single-component signal is defined by one instantaneous frequency that changes over 

time, with chirp signals serving as a typical example. On the other hand, multi-component non-

stationary signals consist of multiple simultaneous oscillatory modes, each with its own time-

varying frequency. The aforementioned factors significantly increase the complexity of the 

signal analysis and interpretation. As a result, such signals often require methods capable of 

separating and tracking overlapping components over time. The main drawback of classical 

signal analysis, such as the Fourier transform, is the inherent trade-off between time and 

frequency resolution (known as the Heisenberg-Gabor limit) [23]. In other words, signal 

information is restricted to either the time domain or the frequency domain. The aforementioned 

limitation can be particularly problematic for multi-component non-stationary signal analysis, 

in which the starting point and duration of each component constitute crucial information [14]. 



D. Ġtifaniĺ: A Deep Learning-Based System for Estimating 

Underground Infrastructure Parameters Using GPR Data 
CHAPTER 4: TIME-FREQUENCY ANALYSIS USING COHENôS 

CLASS DISTRIBUTIONS 

 

54 
 

In order to overcome these challenges, TFDs have been introduced, which allow simultaneous 

localization of signal features in both time and frequency [24]. In this chapter, the main concepts 

of non-stationary signal analysis are presented, with a focus on quadratic TFDs from Cohenôs 

class. 

4.1 Wigner-Ville Distribution 

A one-dimensional time-domain signal ίὸ can be mapped into a two-dimensional 

time-frequency ὸȟὪ representation using the Wigner-Ville distribution (WVD) [114]. It is 

considered as a fundamental TFD of the Cohenôs class. The WVD is obtained by applying the 

Fourier transform to the signalôs instantaneous autocorrelation function (IAF) [13]. The 

standard Fourier transform ꞈ of a signal ίὸ is given by [16]: 

ὛὪ ꞈ
ᴼ
ίὸ ίὸὩ  ὨὸȢ τȢρ 

The IAF of the signal ίὸ, which correlates the signal with itself at two time instants centered 

around time ὸ with a lag †, is expressed as [14]: 

ὑ ὸȟ† ίὸ
†

ς
ίᶻ ὸ

†

ς
ȟ τȢς 

where ίᶻὸ represents the complex conjugate of the signal ίὸ. Accordingly, the WVD is 

defined as the Fourier transform of the IAF with respect to the lag † [13]: 

ὡὠὈὸȟὪ ίὸ
†

ς
ίᶻ ὸ

†

ς
Ὡ  Ὠ†Ȣ τȢσ 

Mathematical properties satisfied by the WVD are realness, preservation of time and frequency 

marginals, time- and frequency-shift invariance, global energy, time and frequency support, 

instantaneous frequency, and group delay [47]. However, it is important to acknowledge that 

the WVD does not satisfy the non-negativity and cross-term suppression properties that are 

desirable for TFDs. Due to the quadratic nature of the WVD formulation, the interference terms, 

also known as cross-terms, are generated. Cross-terms occur centrally between the signal 

components, i.e., auto-terms, in the TF representation of the multi-component signals and 
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oscillate perpendicular to the line connecting them [48]. The rate of the aforementioned 

oscillation is proportional to the TF distance between the interacting auto-terms. Such artifacts 

manifest as ñouterò cross-terms between distinct components or ñinnerò cross-terms caused by 

non-linear frequency modulation within a single component. The overall existence of cross-

terms can create difficulties in the visual interpretation of complex TFD results. However, by 

smoothing the WVD utilizing the filtering function, i.e., kernel function, the unwanted cross-

terms can be attenuated [14]. 

4.2 Smoothed and Pseudo Wigner-Ville 

Distributions 

The pseudo Wigner-Ville distribution (PWVD) is derived by performing the same 

procedure used for the WVD, but with the additional step of applying a window function Ὤ† 

to the lag variable of the IAF [75]. Since applying a window in the lag domain is equivalent to 

smoothing the distribution in the frequency domain, the PWVD attenuates cross-terms that 

oscillate along the frequency axis [46]. Accordingly, the PWVD is defined as [38]: 

ὖὡὠὈὸȟὪ Ὤ†ίὸ
†

ς
ίᶻ ὸ

†

ς
Ὡ  Ὠ†Ȣ τȢτ 

While the PWVD suppresses frequency-oscillating interference, it does not affect cross-terms 

oscillating in the time direction [23]. Furthermore, the application of the lag window decreases 

the frequency resolution of the auto-terms. Mathematical properties satisfied by the PWVD 

include realness, time- and frequency-shift invariance, preservation of the time marginal, global 

energy, time support, instantaneous frequency, and reduced interference [14]. 

In order to address the remaining cross-terms of the PWVD, the smoothed pseudo 

Wigner-Ville distribution (SPWVD) is utilized. By introducing an additional time-smoothing 

window Ὣὸ, independent smoothing in both time and frequency directions is achieved. The 

SPWVD is expressed as [37]: 

ὛὖὡὠὈὸȟὪ Ὤ† Ὣό ὸίό
†

ς
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By adjusting the lengths and shapes of the windows Ὤ† and Ὣὸ, one is able to control the 

smoothing in the frequency and time domains, respectively [85]. Still, a trade-off remains 

between the level of the cross-terms and the resulting time-frequency resolution. Moreover, the 

SPWVD satisfies key mathematical properties such as realness, time- and frequency-shift 

invariance, and global energy, while providing reduced interference [49]. However, the time 

smoothing causes the loss of the time marginal and time support properties. 

4.3 Reduced Interference Time-Frequency 

Distributions 

Unlike the SPWVD, which applies separable smoothing windows, the Born-Jordan 

distribution (BJD) utilizes a lag-dependent kernel, where the smoothing is determined by the 

time-lag variable rather than the signal itself [26]. Such an approach changes how smoothing is 

introduced into the TF representation. In the ambiguity domain, representing the two-

dimensional Fourier transform of the WVD, the kernel is a sine cardinal (sinc) function, which 

is equivalent to a rectangular smoothing window in the time-lag domain. This operation 

effectively averages the IAF over the lag interval. The BJD is mathematically defined as [57]: 

ὄὐὈὸȟὪ
ρ

ȿ†ȿ
ίό

†

ς
ίᶻ ό

†

ς
Ὠό Ὡ  Ὠ†

ȿȿ

ȿȿ

Ȣ τȢφ 

The BJD attenuates the cross-terms significantly, especially the ones located between auto-

terms [66]. The ability to reduce interference while preserving the signalôs energy distribution 

boundaries is considered a key advantage of the BJD. Mathematical properties satisfied by the 

BJD are realness, time- and frequency-shift invariance, preservation of time and frequency 

marginals, global energy, instantaneous frequency, group delay, time support, frequency 

support, and reduced interference [14]. 

 The next distribution utilized in this research is the Zhao-Atlas-Marks distribution 

(ZAMD), also known as the cone-shaped distribution (CSD). The ZAMD is obtained by 

smoothing the BJD in the frequency direction. The distribution enhances the TF representation 

through a cone-shaped kernel defined in the time-lag domain [133]. Compared to the SPWVD, 
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the ZAMD uses a non-separable kernel that limits the smoothing of the IAF to a triangular 

region where ȿὸȿ ȿ†ȿȾς. This way, the distribution effectively attenuates cross-terms while 

preserving the finite time support of the signal. The ZAMD is defined as [133]: 

ὤὃὓὈὸȟὪ Ὤ† ίό
†

ς
ίᶻ ό

†

ς
Ὠό Ὡ  Ὠ†

ȿȿ

ȿȿ

Ȣ τȢχ 

The ZAMD satisfies several useful mathematical properties, including realness, time- and 

frequency-shift invariance, time support, time marginal and reduced interference [14]. 

The Choi-Williams distribution (CWD) is a reduced-interference distribution that 

utilizes an exponential kernel, which is non-separable in the time-lag domain [21]. The CWD 

kernel jointly depends on both the time and lag variables, making independent control over time 

and frequency smoothing not possible. Parameter ů controls the trade-off between cross-terms 

attenuation and auto-terms resolution [23]. In other words, a larger ů yields better resolution 

but less interference attenuation, and vice versa. The CWD is defined as [21]: 

ὅὡὈὸȟὪ
Ѝ“„

ȿ†ȿ
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Unlike the SPWVD and ZAMD, the CWD is designed to satisfy the marginal properties. 

Accordingly, some of the mathematical properties satisfied by the CWD are realness, time- and 

frequency-shift invariance, preservation of time and frequency marginals, global energy, 

instantaneous frequency, group delay, invertibility, and reduced interference [46]. A notable 

limitation arises when the signal contains components with overlapping time or frequency 

supports, in which case cross-term interference is increased. Moreover, effective suppression 

of low-frequency cross-terms is hindered by the slow attenuation of the exponential kernel, and 

the auto-terms may be distorted as a consequence of the kernelôs non-flat frequency response. 
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4.4 Time-Frequency Representations of GPR A-

scans 

In this section, Cohenôs class TFDs are applied to GPR A-scan signals. Real-world data 

are considered non-stationary due to the frequency-dependent attenuation caused by complex 

subsurface media. Therefore, by transforming the one-dimensional A-scan into the TF domain, 

additional potentially useful spectral features (e.g. energy localization and bandwidth variation 

over time) can be extracted from the original data. These features can be critical in improving 

the estimation of underground infrastructure characteristics. The B-scan shown in Figure 2.11, 

containing the hyperbola-shaped reflections, is used for the TF representation. However, before 

further analysis, preprocessing is required to enhance signal quality and interpretability, as 

described in Chapter 2. Additionally, prior to TFD computation, the Hilbert transform is applied 

in order to obtain the corresponding analytic signal, a complex-valued representation of the 

real-valued A-scan that contains no negative frequency components. This pre-processing step 

is essential for Wigner-type distributions since it suppresses artifacts introduced by negative 

frequency components. To further condition the data prior the transformation, the individual A-

scans are zero-centered and tapered using a Tukey window. A 10% taper ratio is applied 

(smoothly attenuating the first and last 5% of the signal) to reduce spectral leakage and edge 

artifacts. For the TFDs requiring independent smoothing (PWVD, SPWVD, BJD, ZAMD, and 

CWD), Hamming window is utilized. The temporal and spectral window sizes are dynamically 

scaled to the nearest odd integers to ὔȾτ and ὔȾρπ, respectively. Additionally, the kernel width 

parameter ů for the CWD is set to 3 to control cross-term suppression. The resulting TF matrices 

are afterwards normalized, mapping the TFD values to a range between 0 and 1 in order to 

ensure stable feature extraction by the hybrid architecture: 

ὼ ͺ ὭȟὮ
ὼ ὭȟὮ άὭὲὼ

άὥὼὼ άὭὲὼ
ȟ ὭȟὮɴ πȟὔ ρ τȢω 

where ὼ ͺ ὭȟὮ is the normalized TFD matrix value at row Ὥ and column Ὦ, ὼ ὭȟὮ 

represents the original TFD matrix value at the same position, and άὭὲὼ  and άὥὼὼ  

are the minimum and maximum values computed over the entire TFD matrix. The following 

analysis demonstrates the computation and comparative performance of six TFDs: WVD, 

PWVD, SPWVD, BJD, ZAMD, and CWD, as shown in Figures 4.1 and 4.2. As the fundamental 

distribution of Cohenôs class, the WVD (Figures 4.1a and 4.2a) provides the highest theoretical 
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TF resolution. From the TF representation, it can be seen that the distribution provides sharp 

localization of the hyperbola-shaped reflection event at approximately 24 ï 30 nanoseconds 

with the center frequency near 350 MHz. However, due to the WVDôs quadratic nature, cross-

terms are generated between components of the signal. By applying a window function to the 

lag variable of the IAF, the PWVD (Figures 4.1b and 4.2b) successfully attenuates cross-terms 

that oscillate along the frequency axis. Although the time resolution remains high, the frequency 

resolution of auto-terms is slightly degraded compared to the WVD. In other words, the PWVD 

preserves the sharp definition of the hyperbola-shaped apexôs arrival time. Introducing an 

additional time-smoothing window in the SPWVD (Figures 4.1c and 4.2c) results in 

independent smoothing in both the time and frequency directions. Cross-terms are almost 

entirely suppressed in the TF representation. The smoothing comes at the cost of a slight 

blurring of the distribution. Accordingly, the sharp edge of the pipeline reflection is widened, 

potentially masking spectral features necessary for precise infrastructure parameter estimation. 

The BJD (Figures 4.1d and 4.2d) reveals a horizontal smoothing effect since it is designed to 

suppress cross-terms while preserving time support and the signalôs energy distribution 

boundaries. The TF representation retains more vertical detail compared to the SPWVD. Due 

to a cone-shaped kernel defined in the time-lag domain, the ZAMD (Figures 4.1e and 4.2e) 

provides a balanced compromise between cross-term suppression and auto-term concentration. 

From the presented TF representation it can be seen that ZAMD eliminates the time-smearing 

effect observed in other smoothed distributions. Finally, by utilizing an exponential kernel 

function in the ambiguity domain controlled by a scaling factor ů, the CWD (Figures 4.1f and 

4.2f) achieves a balanced result. The distribution effectively suppresses the dominant cross-

terms, while at the same time preserving sharper auto-term localization than the SPWVD. 
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(a) (b) 

  

(c) (d) 

  

(e) (f) 

Figure 4.1 TFDs of the A-scan acquired at a distance of 2.0 meters: (a) WVD, (b) PWVD, (c) 

SPWVD, (d) BJD, (e) ZAMD, and (f) CWD. The hyperbola-shaped reflection (apex) appears 

within the A-scan at 24.40 nanoseconds, which corresponds to a burial depth of 1.1 meters. 
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(a) (b) 

  

(c) (d) 

  

(e) (f) 

Figure 4.2 TFDs of the A-scan acquired at a distance of 2.5 meters: (a) WVD, (b) PWVD, (c) 

SPWVD, (d) BJD, (e) ZAMD, and (f) CWD. The right branch of the hyperbola-shaped 

reflection appears within the A-scan at 26.50 nanoseconds.
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CHAPTER 5 

DEEP LEARNING-BASED 

SYSTEM FOR ESTIMATING 

UNDERGROUND 

INFRASTRUCTURE 

PARAMETERS 

This chapter describes the proposed DL-based framework designed to improve the 

baseline estimation of underground infrastructure parameters. The end-to-end pipeline relies on 

the preliminary detection and localization of hyperbola-shaped reflections from the B-scan GPR 

data. Afterwards, the isolated data is passed into the core architecture, referred to as the cross-

attention spatio-spectral fusion network (CASS-Fusion). In order to thoroughly utilize the 

multi-domain characteristics of B-scan data, the network is structured as dual-branch 

architecture. Branch 1 only processes the spatial domain by passing cropped GPR B-scans, 

formatted to a structural shape of (H, W, 3), through a dedicated spatial feature extractor, which 

can utilize any suitable convolutional backbone. At the same time, branch 2 processes the 

spectral domain by passing TFDs with a dimensions of (120, 64, 64, 1) into a parallel spectral 

feature extractor. To synthesize the independent representations, the resulting high-level feature 

vectors are integrated via a cross-attention and dynamic gated fusion module. The fused multi-
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domain features are afterwards processed by a custom regression head, which simultaneously 

estimates four descriptive parameters of underground infrastructure: TWTT, burial depth, 

pipeline diameter, and intersection angle. The proposed DL-framework is illustrated in Figure 

5.1. 

 

Figure 5.1 The proposed framework for underground infrastructure estimation, highlighting 

the multi-domain fusion of spatial B-scans and spectral TFDs via the CASS-Fusion network. 
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5.1 Proposed Cross-Attention Spatio-Spectral 

Fusion Network 

The CASS-Fusion network is a multi-domain DL framework for the simultaneous 

estimation of four underground infrastructure descriptive parameters. The model fuses features 

from two complementary representations of the same GPR data: the spatial B-scan data, and a 

sequence of TFDs computed from the individual A-scans within the cropped B-scan. The 

motivation for dual-domain fusion is grounded in the physical properties of GPR hyperbola-

shaped reflections [81]. The B-scan data encodes the geometric signature of the hyperbola-

shaped reflection, from which descriptive parameters can be estimated by a spatial feature 

extractor. However, the estimation performance is limited by the spatial domain representation 

alone, since some, potentially important features depend on subtle frequency domain 

characteristics such as resonance patterns and spectral attenuation that are not directly visible 

in the B-scan pixel values [50]. TFDs, by representing the joint TF content of each A-scan, 

expose spectral features and provide information that is complementary to and partially 

independent of the spatial representation [98]. The CASS-Fusion network consists of a spatial 

feature extractor processing B-scans, a 3D convolutional and bidirectional LSTM (BiLSTM) 

spectral feature extractor processing TFD sequences, a multi-head cross-attention block that 

computes spectral-spatial attended representations by allowing TFD features to query the 

spatial map, and a dynamic gated fusion mechanism that adaptively combines the cross-

attended representation with a direct spatial residual connection prior to the regression head 

[102, 109, 118, 126]. 

A visual representation of the data preparation required for the CASS-Fusion network 

is shown in Figure 5.2. The spatial input is a B-scan cropped according to the coordinates of 

the detected and localized hyperbola-shaped reflection as described in subsection 3.2, which is 

resized to the fixed spatial dimensions required by the utilized backbone. The magnifying glass 

within the illustration highlights the A-scan extraction step. Within the cropped B-scan, each 

vertical column of data corresponds to one A-scan, a single 1D time-domain waveform 

recording the amplitude of the reflected EM signal, several of which are illustrated in the 

magnified view. Each A-scan within the cropped B-scan is extracted as a 1D signal and 

processed independently to compute its TFD. The number of A-scans varies from instance to 

instance depending on the width of the detected hyperbola-shaped reflection. 
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Figure 5.2 Visual representation of the data preparation required for the CASS-Fusion network. 

The workflow isolates hyperbola-shaped reflections to produce cropped spatial B-scans for 

branch 1, while at the same time extracting and transforming A-scans into TFDs for branch 2. 

In order to produce a fixed length sequence compatible with the network requirement, 

the A-scan sequence is symmetrically center-cropped or zero-padded to a fixed length of 120. 

If more than 120 A-scans are available, the excess is removed equally from both the left and 

right ends of the sequence. If fewer than 120 A-scans are available, zeros are inserted 

symmetrically on both sides. In both cases, the apex of the hyperbola-shaped feature remains 

at approximately the center of the resulting 120-element sequence. The spatial sampling interval 

of the GPR used in this research is 60 instances-per-meter, which at the fixed input window of 

120 A-scans corresponds to a physical survey extent of 2 meters. The fixed-window design 

provides flexibility for use with GPR devices operating at different spatial sampling intervals. 

Utilizing a device with a sampling interval of 30 instances per meter will, for example, result 

in a configuration where TFDs occupy every other position within the 120-slot window, with 

the remaining positions zero-padded. This configuration allows recordings from GPR systems 

with different spatial resolutions to be represented within the same fixed-length input structure. 

After the TFD for each of the 120 A-scans in the sequence is computed, they are stacked 

together as shown on the right side of the illustration. Each TFD image is resized to the fixed 

resolution of 64  64 using bilinear interpolation and stored as a single-channel array. 

Structurally, the 120 generated TFDs are stacked across a newly defined leading axis. The 

stacking process produces the (120, 64, 64, 1) 4D tensor required by the spectral branch of the 

CASS-Fusion architecture. 
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Two outputs are extracted from the spatial backbone for use in the hybrid fusion model: 

a spatial feature map with the shape of (H, W, C), and a global pooled descriptor yielding a 

single vector that encodes a summary of the entire B-scan. The complete layer-wise structure 

of the proposed CASS-Fusion network is shown in Figure 5.3. The spectral branch processes 

the TFD sequence through a hierarchical architecture that first extracts 3D local patterns from 

the joint TF-position space using 3D convolutions and then models sequential dependencies 

across A-scan positions using stacked BiLSTMs. The input tensor of shape (120, 64, 64, 1) is 

accepted by the 3D CNN and processed through three convolutional blocks, each following the 

pattern Conv3D ï BatchNormalization ï ReLU ï MaxPooling3D. The three dimensions of each 

3D convolutional filter extend across the temporal A-scan axis and both spatial axes of the TFD 

image simultaneously. As a result, the network can successfully learn patterns that are coherent 

across neighboring A-scan positions and across the TF plane jointly. Following the standard 

practice of increasing representational depth as spatial resolution decreases, the filter count 

doubles with each block (32 ï 64 ï 128). Batch normalization after each convolutional layer 

normalizes the activation distributions across the batch dimension. The third pooling layer 

applies an asymmetric pool size of (1, 2, 2), thereby preserving the resolution along the A-scan 

position axis. This way, all 30 A-scan positions are retained, while the spatial dimensions of 

each TFD image are reduced from 1616 to 88. Such an asymmetric design reflects the 

physical distinction between the TFDôs spatial and sequential components. While the sequential 

axis must remain uncompressed to support deep sequential encoding via the BiLSTM layers, 

the spatial TFD axes undergo dimensionality reduction to extract compact spectral features. 

Following the 3D CNN, the output tensor of shape (30, 8, 8, 128) is processed using a time-

distributed wrapper, which applies the same sub-layer independently to each of the 30 A-scan 

positions. First, a time-distributed flatten layer reshapes each spatial volume produced by the 

third convolutional block into a flat vector, concatenating all spatial positions and all feature 

channels into a single 1D representation per A-scan. In the context of TFDs, the spatial position 

within the image contains physical meaning, as different TF regions encode different signal 

characteristics. Therefore, flattening preserves the full spatial layout, which allows the 

projection to learn which specific TF regions and feature channels are jointly informative for 

the regression targets. The FC layer following the flattening can thereby learn spatially-aware 

weighted combinations of activations, rather than being constrained to treat all spatial positions 

as interchangeable, as global pooling assumes. 
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Figure 5.3 Structure of the proposed cross-attention spatio-spectral fusion (CASS-Fusion) 

network, illustrating the parallel spatial and spectral feature extractors, the multi-head cross-

attention block, the dynamic gated fusion mechanism, and the custom regression head. 
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A time-distributed FC layer with 256 neurons and ReLU activation function follows, projecting 

each flattened vector into a 256-dimensional feature space. The FC projection serves two 

purposes simultaneously: dimensionality reduction to a compact representation and learning of 

a non-linear task-specific transformation that maps raw convolutional activations into a 

representation space suitable for sequential modelling. A normalization layer is applied across 

the 256 feature dimensions at each of the 30 spatial positions, preventing the BiLSTM input 

distribution from drifting during training. Two stacked BiLSTM layers, each with 128 hidden 

units per direction, are applied sequentially to the normalized (30, 256) sequence. Each 

bidirectional wrapper concatenates the outputs of a forward-direction LSTM and a backward-

direction LSTM, which produces a 256-dimensional output vector at each of the 30 A-scan 

positions. Both layers preserve the full output sequence across all 30 spatial positions rather 

than returning only the final state. Processing the sequence in both directions allows the model 

to use future context (right-side information) when encoding left-side positions, and vice versa. 

This process enables the hidden states to encode the global geometry of hyperbola-shaped 

feature rather than only the local history. The output of the second BiLSTM is used as the query 

input to the cross-attention block in the hybrid model. 

The cross-attention block implements a single transformer encoder layer in which the 

spectral TFD features are formulated as queries and the spatial features (from the spatial feature 

extractor) are formulated as keys and values. The asymmetric cross-domain attention enables 

each TFD sequence position to selectively aggregate relevant spatial information from the B-

scan. Before the attention computations, both input sequences must be mapped into a common 

subspace of dimension 256, which is achieved by two independent linear projection layers. The 

projected spatial sequence serves as both the key sequence and the value sequence in the 

attention operation. The choice of a linear projection is consistent with the transformer 

formulation. The TFD projection learns a task-specific remapping of the LSTM hidden states 

into the query subspace, distinct from the representation used internally by the BiLSTM. 

The multi-head attention mechanism is configured with 4 heads, a key dimension of 64, 

and an attention dropout rate of 0.1. The physical interpretation is that each of the 30 TFD query 

positions computes a soft weighted combination of all 100 spatial key positions, where the 

weights reflect the compatibility between the spectral features at that A-scan position and the 

spatial features at each location in the B-scan. This way, the model is able to correlate the 

frequency content at a particular side position of the hyperbola-shaped reflection with the 
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corresponding spatial shape of the reflection branch at that position in the B-scan. Following 

the attention computation, standard transformer post-processing is applied. The attention 

residual connection adds the original TFD query sequence back to the attention output, which 

ensures the original spectral features are preserved regardless of attention quality during early 

training. Layer normalization is then applied across the 256 feature dimensions. To expand and 

re-project the feature space, two FC layers, the first with 512 neurons and ReLU activation, and 

the second with 256 neurons and linear activation, are applied to each of the 30 spatial positions. 

The implementation of the two residual connections provides a direct gradient flow that 

stabilizes the training of the cross-attention. To conclude the module, a 1D global average 

pooling layer integrates the cross-attended spectral-spatial features, representing the final 

output of the block. 

The dynamic gated fusion mechanism combines the cross-attended representation, 

referred to as attention features, with the spatial residual vector. Through this mechanism, the 

network adaptively modulates the contribution of each branch on a per-feature-dimension basis 

for each input instance. Moreover, the spatial residual connection ensures that the global spatial 

representation from the spatial backbone is always available to the fusion stage, even if the 

cross-attention produces suboptimal outputs. The gating vector is computed from the 

concatenation of both 256-dimensional representations, making the gate conditioned on both 

the attended spectral-spatial features and the spatial residual simultaneously. 

The custom regression head maps the 256-dimensional fused representation to the four-

dimensional parameter output through two FC layers with progressive dimensionality reduction 

and regularization. The use of a single shared regression head for all four descriptive parameters 

guides the network to learn a unified representation that captures the shared physical 

relationships among the parameters. 

5.2 Evaluation Criteria 

In order to evaluate the proposed two-stage framework, performance is estimated 

separately for the detection and localization stage and the parameter estimation stage, using 

metrics appropriate for each learning task. For first stage of the proposed framework, which 

includes object detection and localization, precision, recall, and mAP are utilized. Precision and 
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recall are calculated from the number of true positives (TP), false positives (FP), and false 

negatives (FN) as follows [86]: 

ὖὶὩὧὭίὭέὲ
Ὕὖ

Ὕὖ Ὂὖ
ȟ υȢρ 

and 

ὙὩὧὥὰὰ
Ὕὖ

Ὕὖ Ὂὔ
Ȣ υȢς 

Object detection accuracy is further quantified using the intersection over union (IoU) 

between the predicted bounding box A and the ground truth bounding box B, mathematically 

written as [86]: 

ὍέὟ
ȿὃ ᷊ὄ ȿ

ȿὃ ᷾ὄ ȿ
ȟ υȢσ 

where ὃ ᷊ὄ  represents the area where the estimated and ground truth boxes overlap, 

and ὃ ᷾ὄ  represents the total area covered by both bounding boxes. In the context of 

object detection, the classification of predictions into TP, FP, and FN relies on a predefined IoU 

threshold and a confidence score threshold. A prediction is classified as a TP when the model 

correctly identifies the object class, the prediction confidence exceeds the operational threshold, 

and the spatial overlap with the ground truth bounding box meets or exceeds the required IoU 

threshold. On the other hand, a prediction is considered an FP under several conditions: if the 

IoU falls below the required threshold (localization error), if the model assigns an incorrect 

object class (classification error), if a bounding box is predicted in a region containing only 

background noise, or if multiple bounding boxes are predicted for a single ground truth object. 

In this latter case, only the prediction with the highest IoU is assigned as the TP, while all 

subsequent duplicate detections are penalized as FPs. An FN occurs when the model completely 

fails to detect a ground truth object, which happens either if no bounding box is predicted in the 

objectôs surrounding area or if a generated prediction possesses a confidence score lower than 

the operational detection threshold. Finally, the TN is excluded from performance calculations. 

Since an image contains an infinite number of possible background regions where the model 

correctly did not predict a bounding box, a very high class imbalance renders the TN 

mathematically unviable for evaluation. 
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The mAP score is acquired by calculating precision and recall at various IoU thresholds 

across the ranked list of predictions. For each IoU threshold, the AP is calculated as follows 

[86]: 

ὃὖ ὙὩὧὥὰὰὙὩὧὥὰὰὖὶὩὧὭίὭέὲȟ υȢτ 

where ά represents the index over the ranked list of predictions, sorted in descending order of 

confidence score. Subsequently, the individual AP values are averaged over all evaluated IoU 

thresholds to obtain the mAP score: 

άὃὖ
ρ

ὔ
ὃὖȟ υȢυ 

where ὔ represents the total number of evaluated IoU thresholds, and ὃὖ denotes the average 

precision calculated at the Ὥ-th threshold. The metrics defined in (5.1ï5.5) have a value range 

between 0.0 and 1.0, where higher values indicate better detection and localization 

performance. 

For the second stage of the proposed framework, which includes estimation of 

underground infrastructure parameters (TWTT, burial depth, cylindrical object diameter, and 

the intersection angle between the GPR survey line and the target object), the task is formulated 

as a regression problem. The coefficient of determination (R2), mean absolute error (MAE), and 

root mean squared error (RMSE) are utilized, defined as follows [20]: 
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where ώ denotes the ground truth value, ώ the corresponding estimate, ώ the mean of all 

observed true values, and n the number of instances. The R2 ranges from 0.0 to 1.0, where a 

value of 1.0 indicates that the model explains all the variability in the data. On the other hand, 

lower MAE and RMSE values correspond to more accurate estimations of the model. 

In both stages, k-fold cross-validation is utilized to perform a robust estimation of 

modelsô performances. Recognized as a standard approach for evaluating generalization, this 

technique divides the dataset into k equal folds [97]. Afterwards, the model is trained and 

evaluated k times, each time using a different fold as the validation set while the remaining k-1 

folds are used for training purposes. The metrics from each fold are then averaged to provide a 

less biased estimate of model performance. By employing the described technique, it is ensured 

that every instance from the dataset is used for validation exactly once, and for training k-1 

times [121]. However, in practice, the selection of k represents a direct trade-off between 

computational cost and the stability of the estimated generalization performance. In the case of 

this research, 5-fold cross-validation (k = 5) is employed. When dividing the dataset into five 

folds, it is ensured that the training and validation splits preserve an approximately similar data 

distribution with respect to the range and variance of the continuous target variables (i.e., 

TWTT, burial depth, pipeline diameter, and angle). Such a strategy reduces the risk that the 

validation set contains instances that are systematically different from those used for training 

purposes. Ignoring the aforementioned balance could result in biased performance estimates. 

Moreover, a potential source of data leakage in GPR-based learning frameworks arises 

when B-scans acquired at adjacent positions along the same survey line over a common pipeline 

segment are distributed across different folds. Since the subsurface surveying in this research 

is performed at 33 distinct micro-locations, a grouped cross-validation strategy is utilized in 

order to prevent data leakage. In other words, all instances originating from the same micro-

location are grouped into the same fold. Such an approach ensures that the validation fold 

exclusively contains instances from micro-locations entirely unseen during training, thereby 

providing a more realistic estimate of the modelôs generalization capability to new survey data.
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CHAPTER 6 

RESULTS AND DISCUSSION 

This chapter presents the experimental results of the proposed two-stage DL framework 

for automated characterization of underground infrastructure from GPR data. The first stage 

addresses the detection and localization of hyperbola-shaped reflections within B-scans, while 

the second stage analyzes the detected reflections to estimate the descriptive parameters of 

underground infrastructure, namely TWTT, burial depth, pipeline diameter, and the intersection 

angle between the GPR survey line and the cylindrical object i.e., pipeline. Although the 

synthetic data is generated primarily to support the second stage, its impact on detection and 

localization performance is also experimentally investigated. Since hyperbola fitting is one of 

the most widely used approaches for estimating descriptive parameters of underground 

infrastructure, the performance of the mathematical fitting model is experimentally evaluated 

on real-world GPR data in order to establish the main limitations of the method and to motivate 

the DL-based solution. Afterwards, experiments with multiple DL backbone architectures are 

conducted on real-world and combined real and synthetic datasets to identify the optimal 

baseline model and training configuration. Building on the selected baseline, the proposed 

CASS-Fusion hybrid architecture is evaluated, which integrates spatial B-scan features with 

localized spectral representations derived from TFDs to improve the estimation of all four 

descriptive parameters. In order to ensure statistically reliable evaluation of the DL models, 5-

fold cross-validation is employed throughout the experiments. The performance of the detection 

stage is quantified using precision, recall, and mAP, whereas the parameter estimation models 

are evaluated using R2, MAE, and RMSE. Finally, the complete end-to-end framework is 

validated on field-acquired GPR data to establish a proof-of-concept under real-world operating 

conditions. 
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6.1 Performance of Cylindrical Object Detection 

and Localization 

The subsection presents the first stage of the proposed system which includes the 

detection and localization of hyperbola-shaped reflections within the B-scans produced by 

buried cylindrical objects, i.e., pipelines. Accordingly, the YOLOv11x and RT-DETR-X models 

are trained for this task. In both model families, the óxô variants are employed as they represent 

the largest and best performing model architecture. Although such variants have a high 

computational cost, inference speed remained within acceptable limits for GPR analysis. Model 

training is performed using the AdamW optimization algorithm in both cases, since it 

effectively decouples weight decay from the gradient updates, offering the rapid convergence 

typical of adaptive learning rate methods. Decoupling weight decay from gradient updates is 

advantageous when fine-tuning large pretrained architectures, as it ensures more consistent 

regularization independent of gradient magnitude. The hyperparameter configurations for both 

models are independently determined through a grid search procedure. For the YOLOv11x 

model, the grid search is performed over the following parameter ranges: initial learning rate 

ᶰπȢπππυȟπȢππρȟπȢππςȟπȢππυ, momentum ᶰπȢψυȟπȢωȟπȢωυ, batch size ᶰτȟψȟρφ, and 

input image resolution ᶰφτπφτπȟχςπχςπȟψππψππ. For the RT-DETR-X model, 

the grid search is performed over: initial learning rate ᶰπȢππππυȟπȢπππρȟπȢπππυȟπȢππρ, 

momentum ᶰπȢωȟπȢωσχȟπȢωυ, batch size ᶰτȟψȟρφ, and input image resolution ᶰ

φτπφτπȟχςπχςπȟψππψππ. In both cases, weight decay and the final learning rate 

factor are fixed at 0.0005 and 0.01, respectively. The final hyperparameter configuration for 

each model is selected based on the validation performance averaged across the 5-fold cross-

validation procedure, with the combination resulting in the highest mAP value being retained 

for all subsequent experiments. 

Based on the grid search results, for YOLOv11x, an initial learning rate of 0.002 and a 

momentum of 0.9 are utilized. For RT-DETR-X, the initial learning rate and momentum are set 

to 0.0001 and 0.937, respectively. For both models, the maximum number of epochs is set to 

300 with early stopping enabled in order to prevent overfitting. A batch size of 4 is used for 

YOLOv11x, along with an input image resolution of 640  640. In the case of RT-DETR-X, a 

batch size of 8 is used while the input image resolution is set to 720  720. Data augmentation 

is performed exclusively for the object detection and localization task to enhance modelsô 
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generalization capabilities. In order to create an approximately balanced dataset that mimics the 

bidirectional nature of physical GPR surveying, horizontal flipping with a probability of 0.5 is 

applied. Scaling with a factor of 0.5 and translation with a factor of 0.1 are utilized to simulate 

real-world variations in pipeline depth, diameter, and horizontal positioning within the B-scan. 

To simulate local clutter and signal degradation, random erasing is applied with a probability 

of 0.4, while mosaic augmentation is employed to increase the diversity of object configurations 

and contextual backgrounds encountered during training. However, mosaic augmentation is 

disabled in the last 10 epochs of the training process to stabilize convergence and refine 

bounding box precision. 

To investigate the impact of input data composition, experiments are conducted in two 

scenarios. In all cases, 5-fold cross-validation is utilized to ensure a consistent evaluation 

benchmark. In the first scenario, YOLOv11x and RT-DETR-X models are trained exclusively 

on real-world data. Although the synthetic data is generated primarily for improving the 

estimation of underground infrastructure descriptive parameters, in the second scenario, 

synthetic data is combined with real-world data in the training set to investigate the impact on 

detection and localization performance. It is important to emphasize that validation sets in the 

5-fold cross-validation remain unchanged when including synthetic data; the synthetic data is 

added only to the training sets. The performances of YOLOv11x and RT-DETR-X models 

achieved on real data, as well as on the combination of real and synthetic data, are shown in 

Figure 6.1 and Figure 6.2, respectively, with comprehensive numerical details given in 

Appendix A. 

According to the experimental results, the YOLOv11x trained only on real data achieved 

a precision of 0.7789 Ñ 0.0238, recall of 0.7502 Ñ 0.0317, mAP@0.5 of 0.8354 Ñ 0.0182, and 

mAP@0.5~0.95 of 0.5112 Ñ 0.0154. Additionally, the impact of synthetic data included in 

training set within each fold is experimentally analyzed, which resulted in precision, recall, 

mAP@0.5, and mAP@0.5~0.95 of 0.7732 Ñ 0.0400, 0.7517 Ñ 0.0190, 0.8388 Ñ 0.0193, and 

0.5202 Ñ 0.0139, respectively. On the other hand, RT-DETR-X trained on real data only resulted 

in a precision of 0.7319 Ñ 0.0418, recall of 0.7335 Ñ 0.0262, mAP@0.5 of 0.7721 Ñ 0.0221, 

and mAP@0.5~0.95 of 0.4725 Ñ 0.0142. The inclusion of synthetic data along with real data in 

the training set yielded a precision, recall, mAP@0.5, and mAP@0.5~0.95 of 0.7256 Ñ 0.0340, 

0.7443 Ñ 0.0328, 0.7822 Ñ 0.0295, and 0.4837 Ñ 0.0271, respectively. 
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Figure 6.1 Performance comparison of YOLOv11x model trained on real data only versus real 

and synthetic data for detection and localization of hyperbola-shaped reflections within B-scan 

data. 

 

Figure 6.2 Performance comparison of RT-DETR-X model trained on real data only versus real 

and synthetic data for detection and localization of hyperbola-shaped reflections within B-scan 

data. 
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Analyzing the results, it can be seen that the YOLOv11x consistently outperformed the 

RT-DETR-X model across all evaluated metrics. The result remained consistent regardless of 

whether the models are trained on real-world data only or on a combination of real and synthetic 

data. For the YOLOv11x, the use of the combined dataset resulted in mAP@0.5, and 

mAP@0.5~0.95 improvements of å0.4% and å1.7%, respectively. The inclusion of synthetic 

data in the case of RT-DETR-X resulted in a mAP@0.5 improvement of å1.29% and a 

mAP@0.5~0.95 improvement of å2.3%. Although the inclusion of synthetic data led to an 

improvement in all performance measures except precision, where a slight decrease is observed 

for both YOLOv11x and RT-DETR-X, the overall impact on generalization is positive. The 

observed decrease in precision indicates that while synthetic data improves target detection 

(higher recall), it may also introduce a marginal increase in false positives. However, 

prioritizing recall may be crucial in underground infrastructure detection and localization tasks; 

high recall ensures the detection of all potential pipelines. The trade-off is justified since such 

an approach can prevent accidental damage during excavation. 

In summary, YOLOv11x provided more stable and reliable detection and localization 

performance in the context of this research. Although competitive, RT-DETR-X demonstrated 

greater variability in performance measures. The reason behind such behavior can be 

transformer-based architecture which RT-DETR-X employs, that may require larger datasets or 

more complex fine-tuning to achieve comparable consistency and performance. To qualitatively 

assess the detection and localization performance of YOLOv11x, the best-case and worst-case 

results are presented in Figure 6.3, alongside their corresponding ground truth annotated B-

scans. In the best-case scenario, both hyperbola-shaped reflections are detected with a 

confidence score exceeding 0.8. In the worst-case scenario, YOLOv11x successfully detects 

two out of six hyperbola-shaped reflections. Although the confidence scores of the detected 

reflections are higher than 0.7, the model fails to localize lower-quality features that are heavily 

attenuated and distorted. 
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(a) (b) 

  

(c) (d) 

Figure 6.3 Visual representation of the best-case and worst-case object detection and 

localization results produced by YOLOv11x. (a) Ground truth annotated B-scan of survey 

instance 1; (b) corresponding best-case detection output; (c) ground truth annotated B-scan of 

survey instance 2; (d) corresponding worst-case detection output. 
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6.2 Quantitative Analysis of Estimated 

Infrastructure Parameters 

This subsection presents the quantitative experimental results of the second stage of the 

proposed framework, focusing on the estimation of underground infrastructure descriptive 

parameters from GPR data. To enable a systematic comparison across fundamentally different 

methodological approaches, the evaluation progresses from the hyperbola fitting approach as a 

conventional baseline, through the DL regression baselines, to the proposed CASS-Fusion 

hybrid architecture. 

To enhance numerical stability and improve the convergence of the employed methods, 

certain target variables are normalized. Specifically, TWTT parameter values are linearly scaled 

to the range between 0.0 and 1.0 for model training purposes. In order to ensure MAE and 

RMSE preserve physical meaning, the TWTT values are denormalized to their original range 

(0 ï 60 ns) prior to calculating the performance measures. For the intersection angle (Ŭ), a sine 

transformation ï sin(Ŭ), is applied instead of using raw angular values in degrees or radians, 

yielding values in the range from 0.0 to 1.0. Burial depth and pipeline diameter parameters 

remain unnormalized since their natural ranges are already sufficiently constrained. 

6.2.1 Performance of the Hyperbola Fitting Approach 

After the successful detection and localization of cylindrical objects i.e., pipelines from 

real-world GPR data in the first stage, the next step is to employ a hyperbola fitting approach 

to estimate the descriptive parameters of underground infrastructure. This represents a 

fundamental approach for translating the visual geometry of the hyperbola-shaped reflection 

into quantitative descriptive parameters of underground infrastructure. Hyperbola fitting is 

performed using the methodology described in Chapter 2, subsection 2.1, on real-world GPR 

data acquired throughout the city of Rijeka, Croatia, as described in subsection 2.2. Fitting of 

hyperbola-shaped features is performed on 732 instances which contain full and precise 

underground infrastructure parameter data. For each instance, a hyperbola-shaped curve is 

generated and fitted to the reflection localized by the detection algorithm from the first stage.  

In order to ensure an optimal fit, BO is utilized to maximize a fitness score based on 

pixel intensity alignment. More precisely, pixel intensities along the generated hyperbola-
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shaped curve are summed, where the higher cumulative values indicate a stronger alignment 

with the reflection of interest. Additionally, a GP surrogate model is used to guide the search of 

the optimization process. For each B-scan instance, the algorithm is initialized with 400 random 

exploration steps followed by 32 iterative optimization steps. A large number of exploration 

steps is utilized to minimize the probability of convergence to local minima. The search space 

is defined within the physical bounds expected for the surveyed environment: 

¶ TWTT (ns) ï Bounds are concentrated within the lower half of the bounding box 

produced by the detection algorithm from the first stage in the vertical direction. 

¶ Burial depth (m) ï Bounds are dynamically calculated based on previously defined 

TWTT and expected relative permittivity values for the surveying location (range 5 ï 

18). 

¶ Pipeline diameter (m) ï Limited to the range between 0.025 and 0.6. 

¶ Intersection angle ï Ŭ (ę) ï Bounded between 19ę and 90ę. 

After the features are successfully fitted, the performance is quantified using the R2, 

MAE, and RMSE. Since such an approach is not a learning-based method, the performance is 

evaluated across the full dataset, and the results are presented in Table 6.1. 

Table 6.1 Performance of the BO hyperbola fitting method on real-world GPR data for 

estimating the descriptive parameters of underground infrastructure. 

n = 732 R2 MAE RMSE 

TWTT 0.9917 0.4582 0.5879 

Burial depth 0.1171 0.2192 0.2821 

Pipeline diameter -0.8274 0.0872 0.1103 

Angle ï Ŭ -0.1169 0.1088 0.1432 

 

Analyzing the obtained results, a significant disparity in estimation performance across 

different parameters can be observed. High values of R2 (0.9917) and low values of MAE 

(0.4582) and RMSE (0.5879) in the case of TWTT estimation indicate that by using such a 

mathematical model, the apex of the hyperbola-shaped reflection can be identified reliably. One 

of the reasons that helped the method achieve such strong performance is that the bounds for 
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TWTT are directly derived from the resulting bounding box coordinates from the first stage, 

i.e., the object detection and localization stage. This way, the optimization process has a 

precisely defined TWTT window in which the optimization is performed. Furthermore, the apex 

of the hyperbola-shaped reflection is usually the most visually distinct feature in a B-scan, 

characterized by the highest signal amplitude and strongest contrast compared to other parts of 

the hyperbola-shaped feature. Therefore, the fitness function, which maximizes pixel intensity, 

is able to converge to the global maximum within the defined search space. 

The estimation of physical descriptive parameters proved to be more challenging. 

Estimates of burial depth yielded a weak correlation with the ground truth, with the values of 

R2, MAE, and RMSE of 0.1171, 0.2192, and 0.2821, respectively. Such values indicate that the 

approach could not distinguish the surrounding medium velocity sufficiently. The estimation of 

the pipeline diameter and intersection angle resulted in negative R2 values of -0.8274, and -

0.1169, respectively. In other words, estimation of these parameters is less accurate than a 

simple mean-baseline prediction. The reason for such behavior arises from the velocity-depth 

ambiguity. As visually demonstrated in Chapter 2, a hyperbola-shaped reflection generated by 

a shallow object in a slow medium can physically appear nearly identical to one generated by 

a deeper object in a fast medium. This complexity is further increased when accounting for 

pipeline diameter and intersection angle, since such parameters primarily affect the ñtailsò of 

the hyperbola-shaped reflection. An additional complicating factor is that the reflections in real-

world GPR data often fade due to signal attenuation or are obscured by noise. To visually 

represent the complexity of the task, four B-scans are shown in Figure 6.4 with the 

corresponding ground truth hyperbola-shaped curve (green), and an estimated curve (red). It 

can be seen that both hyperbola-shaped curves overlap almost perfectly, however, the values of 

parameters used to generate the estimated one differ from the ground truth by a significant 

margin, as shown in Table 6.2. 

Since the BO adjusts all variables simultaneously, a good fit can also be produced by 

the incorrect combination of parameters. Therefore, multiple parameter configurations may 

produce a high fitness score, even though only one corresponds to the true physical state of the 

underground infrastructure. In such cases, the properties of the surrounding medium should also 

be taken into account when estimating these parameters. An overestimation of EM propagation 

velocity, which is a property of the surrounding medium, requires an overestimation of burial 

depth to maintain the same TWTT. 



D. Ġtifaniĺ: A Deep Learning-Based System for Estimating 

Underground Infrastructure Parameters Using GPR Data 
CHAPTER 6: RESULTS AND DISCUSSION 

 

82 
 

  

(a) (b) 

  

(c) (d) 

Figure 6.4 Qualitative performance of the mathematical model and the BO fitting algorithm. 

The ground truth hyperbola-shaped curves are shown in solid green, while the estimated curves 

are shown in dashed red. 
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Table 6.2 Quantitative comparison between ground truth and estimated parameters for the 

visual examples presented in Figure 6.4. 

 TWTT (ns) Burial depth (m) 
Pipeline diameter 

(m) 
Angle ï Ŭ (ę) 

 True Est. ȿЎȿ True Est. ȿЎȿ True Est. ȿЎȿ True Est. ȿЎȿ 

(a) 21.68 21.80 0.12 1.00 1.10 0.1 0.20 0.29 0.09 62 70 8 

(b) 38.76 38.54 0.22 1.75 1.38 0.37 0.54 0.14 0.4 89 51 38 

(c) 29.24 29.58 0.34 1.35 1.06 0.29 0.27 0.14 0.13 89 51 38 

(d) 30.64 31.23 0.59 1.45 1.25 0.2 0.20 0.31 0.11 80 52 28 

 

Accordingly, the instances presented in Figure 6.4 demonstrate that the BO hyperbola fitting 

method finds a solution that satisfies the visual curve but misrepresents the physical reality of 

the subsurface. By using traditional, non-learning-based methods, it becomes very difficult to 

explicitly model all possible scenarios, which gives DL-based methods a clear advantage in 

such cases. 

In summary, the hyperbola fitting approach lacked sufficient visual information to 

reliably distinguish between changes in burial depth, pipeline diameter, and intersection angle. 

The results suggest that, while the approach is a robust tool for localizing the target in time 

(when bounding box coordinates of the detected and localized hyperbola-shaped reflections are 

provided beforehand), it is insufficient for reliable characterization of physical properties when 

used as a standalone approach without additional constraints or prior knowledge of the 

mediumôs velocity. 

6.2.2 Performance of Deep Learning Regression Baselines 

The experimental results from the second stage of the proposed system are presented in 

this subsection. The main focus of this stage is the estimation of descriptive parameters of 

underground infrastructure situated within heterogeneous and complex soil environments. By 

utilizing the detected and localized hyperbola-shaped reflections from the first stage as input, 

the framework employs DL model architectures as feature extraction backbones to estimate 

aforementioned parameters. More precisely, DenseNet201, Xception, NASNetLarge, and 

EfficientNetV2L are implemented for the task, each pretrained on ImageNet and adapted with 

a custom designed regression head, as illustrated in Figure 3.4. To ensure robust regression 
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performance, a grid search procedure is conducted to identify the optimal training 

configuration. The grid search is performed over the following parameter ranges: optimization 

algorithm ᶰὃὨὥάȟὃὨὥάὡȟὙὓὛὴὶέὴȟὛὋὈ, initial learning rate ᶰ

πȢππππρȟπȢπππρȟπȢππρȟπȢπρ, and batch size ᶰτȟψȟρφȟσς. The final configuration is 

selected based on the validation performance averaged across the 5-fold cross-validation 

procedure, with the combination resulting in the lowest validation loss being retained for all 

subsequent experiments. Accordingly, the Adam optimization algorithm is selected, with a 

training procedure consisting of 500 epochs, a batch size of 4, and an initial learning rate of 

0.0001. A critical component of the training strategy is a custom weighted MSE loss function, 

which is implemented to prioritize the learning of more complex parameters. Unlike the 

standard MSE loss, which treats all output errors equally, the weighted MSE loss scales the 

squared estimation error of each output by a predefined importance weight prior to averaging. 

The squared estimation errors corresponding to each output are scaled by the following 

importance weights: 1.0 for TWTT and burial depth, 1.5 for pipeline diameter, and 3.0 for the 

intersection angle. The weighting approach guides the model to allocate greater representational 

capacity toward the more challenging estimations. The values of the importance weights are 

determined empirically to achieve a balance between the modelôs overall performance and the 

estimation accuracy of each descriptive parameter. Furthermore, the training procedure also 

integrates early stopping mechanisms and an adaptive learning rate scheduler to balance 

training efficiency. Similar to the object detection and localization stage, experiments are 

conducted in two scenarios in order to investigate the impact of input data composition on the 

estimation of underground infrastructure parameters. In all cases, 5-fold cross-validation is 

utilized to ensure a consistent and robust evaluation benchmark. In the first scenario, the DL 

regression models are trained on real-world GPR data only. In the second scenario, synthetic 

data, which is specifically generated to capture diverse underground infrastructure parameters, 

is combined with the real-world data. More precisely, the synthetic data is added only to the 

training sets, which ensures that the validation sets within the 5-fold cross-validation remain 

unchanged. The quantitative results for TWTT estimation across different DL architectures on 

real-world and combined (real + synthetic) B-scan data, expressed as R2, MAE, and RMSE, are 

illustrated in Figures 6.5, 6.6, and B.1, respectively. The comprehensive numerical details are 

given in Tables B.1 and B.2. Regardless of the data composition, the Xception consistently 

outperformed DenseNet201, NASNetLarge, and EfficientNetV2L in estimating the TWTT. 
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Figure 6.5 Performance comparison of different DL model architectures for TWTT estimation 

(expressed as R2) across real-world and combined (real + synthetic) B-scan data. 

 

Figure 6.6 Performance comparison of different DL model architectures for TWTT estimation 

(expressed as MAE) across real-world and combined (real + synthetic) B-scan data. 

Utilizing only real-world data for model training, Xception achieved an R2 score of 0.9644 Ñ 

0.0048, which is significantly higher than DenseNet201 and EfficientNetV2L R2 scores of 
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0.9202 Ñ 0.0164 and 0.9209 Ñ 0.0479, respectively. In addition, the Xception also achieved the 

lowest MAE and RMSE with the values of 0.9527 Ñ 0.0911 and 1.2114 Ñ 0.1002, respectively. 

Furthermore, the introduction of synthetic data into the training set resulted in non-uniform 

effects across different DL models. The largest improvement is observed in DenseNet201, 

where such inclusion of synthetically generated data resulted in an R2 improvement of å3% 

(from 0.9202 to 0.9505) and a significant reduction in MAE and RMSE. Xception, despite 

already achieving high performance, reached a peak R2 of 0.9689 Ñ 0.0060 along with the 

lowest MAE, and RMSE when trained on combined data. However, not all DL model 

architectures responded positively on the synthetic data inclusion. The NASNetLarge model, 

while showing competitive performance on real-world data (R2 of 0.9587 Ñ 0.0065), training 

on combined data resulted in R2 marginal decrease of å0.4%. A similar trend is observed for 

EfficientNetV2L, where the standard deviation increased significantly when the model is 

trained on combined data, directly implying reduced stability and lower generalization 

capability. 

The quantitative results for burial depth estimation across different DL architectures on 

real-world and combined (real + synthetic) B-scan data, expressed as R2, MAE, and RMSE, are 

presented in Figures 6.7, 6.8, and B.2, respectively. The comprehensive numerical details are 

given in Tables B.3 and B.4. Burial depth estimation revealed trends similar to those of the 

TWTT analysis. In the case where the training is performed on real-world data only, the 

Xception architecture resulted in superior regression performances compared to the other 

models with R2 of 0.9544 Ñ 0.0089, MAE of 0.0472 Ñ 0.0038, and RMSE of 0.0636 Ñ 0.0066. 

This consistent performance is expected, given that a targetôs physical burial depth is 

fundamentally dictated by the radar signalôs TWTT. The achieved results establish a robust 

baseline for burial depth estimation prior to any synthetic data inclusion. In comparison, the 

initial R2 values for DenseNet201, NASNetLarge, and EfficientNetV2L clustered around 0.94, 

with corresponding MAE values consistently above the 0.05 threshold. Furthermore, the 

introduction of synthetic data into training process enabled further performance improvement 

for DenseNet201 and Xception. More precisely, DenseNet201 benefited the most from the 

combined data, achieving an R2 improvement of å0.9%. However, for NASNetLarge and 

EfficientNetV2L, synthetic data inclusion lowered overall performance. 
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Figure 6.7 Performance comparison of different DL model architectures for burial depth 

estimation (expressed as R2) across real-world and combined (real + synthetic) B-scan data. 

 

Figure 6.8 Performance comparison of different DL model architectures for burial depth 

estimation (expressed as MAE) across real-world and combined (real + synthetic) B-scan data. 

The quantitative results for pipeline diameter estimation across different DL 

architectures on real-world and combined (real + synthetic) B-scan data, expressed as R2, MAE,  
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and RMSE, are presented in Figures 6.9, 6.10, and B.3, respectively. The comprehensive 

numerical details are given in Tables B.5 and B.6. 

 

Figure 6.9 Performance comparison of different DL model architectures for pipeline diameter 

estimation (expressed as R2) across real-world and combined (real + synthetic) B-scan data. 

 

Figure 6.10 Performance comparison of different DL model architectures for pipeline diameter 

estimation (expressed as MAE) across real-world and combined (real + synthetic) B-scan data. 
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While the general behavioral trends from TWTT and burial depth analyses persisted, 

estimating pipeline diameter proved more difficult, resulting in consistently lower R2 values 

across all models. When trained exclusively on real-world data, NASNetLarge and Xception 

achieved the highest regression performance. NASNetLarge reached the highest R2 score of 

0.5802 Ñ 0.0875, marginally better than Xception (0.5789 Ñ 0.0716) and EfficientNetV2L 

(0.5753 Ñ 0.0527), while DenseNet201 underperformed at 0.5319 Ñ 0.0403. Additionally, 

NASNetLarge produced the lowest MAE (0.0358 Ñ 0.0052), whereas Xception achieved the 

best overall RMSE (0.0524 Ñ 0.0028). Introducing synthetic data again produced distinctly non-

uniform effects. For DenseNet201 and Xception, the combined approach proved highly 

beneficial. DenseNet201 showed an R2 improvement of å3.8% (from 0.5319 to 0.5702) along 

with reductions in both MAE and RMSE. Xception achieved the best overall R2 of 0.5910 Ñ 

0.0430 on the combined dataset. However, incorporating synthetic data lowered NASNetLarge 

and EfficientNetV2L performances, indicating a severe loss of stability and generalization 

capability. 

The quantitative results for intersection angle estimation across different DL architectures on 

real-world and combined (real + synthetic) B-scan data, expressed as R2, MAE, and RMSE, are 

presented in Figures 6.11, 6.12, and B.4, respectively. The comprehensive numerical details are 

given in Tables B.7 and B.8. Assessing the intersection angle introduced predictive challenges 

similar to the pipeline diameter estimation task, which are reflected by moderate performances. 

Relying on real-world data only during the training phase, Xception showed the most robust 

feature extraction capabilities, with the highest initial R2 of 0.6755 Ñ 0.0310, along with the 

lowest MAE (0.0577 Ñ 0.0056) and RMSE (0.0769 Ñ 0.0053). EfficientNetV2L achieved the 

second-highest accuracy with an R2 of 0.6550 Ñ 0.0727, whereas DenseNet201 could not 

exceed an R2 of 0.5914 Ñ 0.0279 on the non-augmented dataset. The introduction of synthetic 

data yielded architecture-specific responses that differed from those observed in TWTT, burial 

depth, and pipeline diameter estimation. Across all evaluated model architectures, a consistent 

improvement in mean R2 is observed. Xception successfully leveraged combined input data, 

achieving an overall peak R2 of 0.7182 Ñ 0.0250 (å4.3% improvement) and minimizing MAE 

and RMSE to 0.0495 Ñ 0.0062 and 0.0717 Ñ 0.0051, respectively. DenseNet201 also achieved 

a substantial gain, improving R2 score by å5% to reach 0.6409 Ñ 0.0808. While the average 

accuracy increased, this trend masked an underlying statistical instability. Although 

NASNetLarge and EfficientNetV2L benefited from synthetic data inclusion in the training 

process, as seen from improved performance measures, their standard deviations also increased 
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significantly. Such an amplified variance directly implies that the synthetic data, while raising 

the performance threshold, fundamentally weakened the stability and generalization of those 

specific model architectures. 

 

Figure 6.11 Performance comparison of different DL model architectures for intersection angle 

estimation (expressed as R2) across real-world and combined (real + synthetic) B-scan data. 

 

Figure 6.12 Performance comparison of different DL model architectures for intersection angle 

estimation (expressed as MAE) across real-world and combined (real + synthetic) B-scan data. 
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Analyzing the four descriptive underground infrastructure parameters revealed a clear 

hierarchy of estimation difficulty. Estimation of TWTT and burial depth yielded highly accurate 

and stable results across all baseline models, consistently surpassing R2 scores of 0.92 and 0.94, 

respectively. Such consistency in performance is expected, given that TWTT is a directly 

observable parameter in B-scan data, characterized by the mostly clear apex of the hyperbola-

shaped reflection. Nevertheless, the precise apex localization remains critical, regardless of 

whether the hyperbola-shaped reflection is produced by metallic, plastic, or concrete pipelines. 

Hence, the utilization of DL models leads to a more robust and efficient estimation of TWTT 

parameter. Given the strong physical relationship between burial depth and TWTT, evidenced 

by the Pearson correlation matrix in Figure 2.15, burial depth estimation similarly produced 

robust and stable regression performance. However, direct determination of burial depth 

requires prior estimation or measurement of the soilôs EM wave velocity. Precise interpretation 

of hyperbola-shaped reflections is thus critical, as the reflection geometry inherently encodes 

the velocity information needed for burial depth estimation. According to the presented results, 

it is evident that the models effectively extracted and analyzed such information directly from 

the B-scan data. In contrast, estimating pipeline diameter and intersection angle presents a 

highly complex regression problem, as evidenced by the R2 values ranging from 0.53 to 0.72. 

Estimating pipeline diameter is exceptionally challenging since the subtle hyperbolic width is 

often obscured by soil heterogeneity, noise, and partial reflections. The pipeline diameter 

requires contextual interpretation of the hyperbola-shaped curvature rather than a direct visual 

feature, explaining the reduced performance measures compared to TWTT and burial depth. 

Similarly, the intersection angle between the GPR survey line and pipeline is indirectly encoded 

in the asymmetry and elongation of hyperbola-shaped reflections, which are often subtle and 

obscured by noise or incomplete reflection profiles. This inherently challenging extraction 

process explains both the lower R2 values and the higher fold-to-fold variability. To summarize, 

parameters directly encoded in hyperbola-shaped reflections (TWTT and burial depth) are 

reliably estimated, while indirectly inferred parameters (pipeline diameter and angle) require 

more sophisticated spatial reasoning. Furthermore, soil heterogeneity scatters and distorts 

hyperbola-shaped reflections, which significantly complicates the extraction of parameters like 

pipeline diameter and angle as evidenced by performances of these parameters. 

In every data configuration, Xception proved to be the most capable at feature extraction 

in the underground infrastructure characterization tasks. Its underlying architecture appears 

well-suited for isolating the distinct spatial frequencies of GPR hyperbola-shaped reflections 



D. Ġtifaniĺ: A Deep Learning-Based System for Estimating 

Underground Infrastructure Parameters Using GPR Data 
CHAPTER 6: RESULTS AND DISCUSSION 

 

92 
 

from complex background clutter. On the other hand, DenseNet201 showed a different 

behavioral trend. While initially underperforming on the real-world dataset, it benefited the 

most from the synthetically augmented feature space of the combined data. The aforementioned 

implies that the dense connectivity patterns within DenseNet architecture require a larger 

volume of varied data to properly adapt for regression tasks in GPR domain. Furthermore, the 

introduction of synthetic data into the training set resulted in non-uniform effects regarding 

generalization. Combining synthetic data together with real-world data for training effectively 

bridges the domain gap for DenseNet201 and Xception. However, larger architectures such as 

NASNetLarge and EfficientNetV2L require more complex domain adaptation to fully leverage 

the synthetic data without introducing noise. This behavior is rooted in the capacity-data 

mismatch inherent to high-parameter architectures. In other words, their larger and more 

complex feature spaces demand a proportionally greater volume and diversity of training 

instances to generalize effectively across both real-world and synthetic data. When the synthetic 

data is sized to complement the real-world data instead of saturating the modelôs 

representational capacity, the synthetic instances act as a distributional perturbation rather than 

a meaningful expansion of the training manifold. Furthermore, both NASNetLarge and 

EfficientNetV2L achieved competitive baselines on real-world data alone, suggesting their 

feature extractors are well-calibrated to real-world GPR data distributions. The introduction of 

synthetic instances with subtly misaligned noise characteristics and reflection geometries 

disrupted the learned representations without providing compensatory generalization benefit, 

which is directly reflected in the significantly increased standard deviations observed across the 

cross-validation folds. The achieved results validate Xception as the optimal backbone 

architecture when trained on combined dataset, around which the system for parameter 

estimation of underground infrastructure is developed. 

6.2.3 Performance of the Proposed Cross-Attention Spatio-Spectral 

Fusion Network 

The experimental results validating the proposed hybrid DL architecture for 

underground infrastructure descriptive parameter estimation are presented in this subsection. 

Building on the previously selected optimal spatial backbone (Xception), the advanced stage 

aims to improve regression performance. This can be achieved through the inclusion of 

localized spectral features computed using various TFDs. Since hyperbola-shaped reflections 
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found within B-scans encode both spatial geometry and distinct localized frequency 

characteristics, fusing these complementary domains can enhance the estimation performances 

of the four descriptive parameters: TWTT, burial depth, pipeline diameter, and intersection 

angle. In order to generate the corresponding TF representations, six different TFDs: WVD, 

PWVD, SPWVD, BJD, ZAMD, and CWD are applied to cropped B-scan segments. The 

proposed dual-branch spatio-spectral architecture is specifically designed to capture complex 

relationships between the physical and frequency domains. Within the spatial feature extraction 

branch, an Xception model is utilized to process the cropped B-scans. At the same time, the 

spectral feature extraction branch processes the localized TFDs via a custom 3D CNN 

integrated with BiLSTM layers. These feature representations are afterwards fused via a multi-

head cross-attention mechanism, which allows the model to dynamically map the most relevant 

frequency components to their corresponding spatial structures. The training procedure for 

hybrid architecture is performed through a progressive fine-tuning strategy to ensure optimal 

feature convergence. The spectral feature extraction branch is randomly initialized and trained 

utilizing the same hyperparameters established for the baseline models, while the weights of 

the ImageNet pretrained spatial branch (Xception) remain frozen. All training phases utilize an 

adaptive learning rate scheduler combined with early stopping mechanisms. Following the 

convergence of the spectral branch, its weights are thereafter frozen, and the spatial feature 

extraction branch is unfrozen to allow for domain-specific adaptation to the GPR data. In the 

final fine-tune phase, the entire hybrid model is unfrozen and trained end-to-end utilizing a 

reduced learning rate (0.00001). To guide the model optimization in the final training phase, 

penalty weights of 1.0 for TWTT and burial depth, 3.0 for pipeline diameter, and 5.0 for the 

intersection angle are applied within the custom weighted MSE loss function. This way, the 

modelôs representational capacity is directed toward the higher complexity geometrical 

estimations. In order to ensure the statistical reliability and robustness of the evaluation, all 

performance metrics are derived from 5-fold cross-validation. The quantitative results for 

TWTT estimation across the baseline spatial, standalone TFD, and proposed hybrid models, 

expressed as R2, MAE, and RMSE, are presented in Figures 6.13, 6.14, and C.1, respectively. 

The comprehensive numerical details are given in Tables C.1 and C.2. The Xception baseline 

achieved an initial R2 of 0.9689 Ñ 0.0060. However, incorporating the WVD into the proposed 

hybrid architecture yielded the highest overall performances for TWTT estimation, raising the 

R2 to 0.9775 Ñ 0.0014 while simultaneously minimizing the MAE to 0.7470 Ñ 0.0176 and the 

RMSE to 0.9628 Ñ 0.0262. It is important to note that relying entirely on the spectral feature 

extraction branch (without spatial features) resulted in slightly lower performance than the 
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baseline (e.g., an R2 of 0.9671 Ñ 0.0034 for WVD standalone model). The results confirm that 

neither domain alone provides a complete representation. Fusing the spatial and spectral 

features creates a highly synergistic model. 

 

Figure 6.13 Performance comparison of TFD, hybrid, and baseline models for TWTT 

estimation (expressed as R2) across different TFDs. 

 

Figure 6.14 Performance comparison of TFD, hybrid, and baseline models for TWTT 

estimation (expressed as MAE) across different TFDs. 
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The hybrid model utilizing the SPWVD achieved a competitive R2 of 0.9759 Ñ 0.0054, while 

the CWD configuration closely followed with an R2 of 0.9757 Ñ 0.0045. Despite high 

performances of hybrid model approach, the standalone TFD models for SPWVD and CWD 

achieved lower accuracies (R2 of 0.9684 Ñ 0.0060 and 0.9648 Ñ 0.0116, respectively). 

According to the results it can be concluded that localized spectral features lack the spatial 

context necessary for independent precision. Therefore, the proposed cross-attention fusion 

mechanism bridges the domain gap in this case. 

The quantitative results for burial depth estimation across the baseline spatial, 

standalone TFD, and proposed hybrid models, expressed as R2, MAE, and RMSE, are presented 

in Figures 6.15, 6.16, and C.2, respectively. The comprehensive numerical details are given in 

Tables C.3 and C.4. Evaluating burial depth estimation revealed behavioral trends consistent 

with the TWTT analysis. The direct physical correlation between the two parameters explains 

the outcome. The spatial baseline model (Xception) established a robust starting point with an 

R2 of 0.9551 Ñ 0.0077. From the results, it can be seen that the introduction of TFD features 

further stabilized and improved the estimations, enabling the spatio-spectral hybrid model to 

outperform both standalone domains across all evaluated configurations. For burial depth 

estimation, the hybrid model utilizing the SPWVD achieved the best overall performance. 

 

Figure 6.15 Performance comparison of TFD, hybrid, and baseline models for burial depth 

estimation (expressed as R2) across different TFDs. 
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Figure 6.16 Performance comparison of TFD, hybrid, and baseline models for burial depth 

estimation (expressed as MAE) across different TFDs. 

The configuration achieved an R2 of 0.9656 Ñ 0.0066, an MAE of 0.0394 Ñ 0.0042, and an 

RMSE of 0.0553 Ñ 0.0060. Furthermore, the BJD and PWVD configurations also showed high 

regression capabilities, achieving an R2 score of 0.9653 Ñ 0.0043 and 0.9647 Ñ 0.0051, 

respectively. However, a standard deviation analysis reveals that the BJD is the more robust 

configuration. Although the SPWVD achieved the highest R2, the BJD hybrid model minimized 

the overall MAE to 0.0387 Ñ 0.0010 alongside significantly lower standard deviations. 

The quantitative results for pipeline diameter estimation across the baseline spatial, 

standalone TFD, and proposed hybrid models, expressed as R2, MAE, and RMSE, are presented 

in Figures 6.17, 6.18, and C.3, respectively. The comprehensive numerical details are given in 

Tables C.5 and C.6. In the case of pipeline diameter, the spatial baseline (Xception) model 

revealed limitations by achieving an R2 of 0.5910 Ñ 0.0430, confirming the high complexity of 

the parameter. However, the integration of spectral features produced significant performance 

improvements for this highly complex parameter. Outperforming the spatial baseline by å10%, 

the WVD hybrid model achieved the highest overall R2 score of 0.6863 Ñ 0.0325. Furthermore, 

the same configuration also achieved the lowest MAE (0.0312 Ñ 0.0020) and RMSE (0.0456 Ñ 

0.0051). The SPWVD hybrid model closely followed with an R2 of 0.6726 Ñ 0.0174. 

Experimental results revealed that relying entirely on the spectral domain proved more effective 
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that the standalone spatial approach, with TFD models outperforming the Xception baseline by 

achieving R2 values ranging from 0.5983 for CWD to 0.6454 for WVD. 

 

Figure 6.17 Performance comparison of TFD, hybrid, and baseline models for pipeline 

diameter estimation (expressed as R2) across different TFDs. 

 

Figure 6.18 Performance comparison of TFD, hybrid, and baseline models for pipeline 

diameter estimation (expressed as MAE) across different TFDs. 














































































































