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NOVEL DEEP LEARNING BASED
APPROACHES FOR CLUTTER REMOVAL
AND TARGET DETECTION IN GPR

SUMMARY

Ground Penetrating Radar (GPR) is a non-destructive geophysical tool that uses
electromagnetic waves to create detailed images of shallow underground structures and
buried objects.

The basic operating principle of this system is based on the interaction of waves emitted
by the transmitter antenna with materials in the subsurface that have different dielectric
properties (permittivity) and conductivity. Signals returning from different layers or
objects are recorded by the receiver antenna and processed in the time-depth plane.
Particularly in B-scan images obtained by moving the antenna along a line, point targets
(e.g., pipes, mines, or archaeological remains) appear as characteristic hyperbolic
(inverted U) signatures resulting from the change in distance as the antenna approaches
and moves away from the target.

However, the raw GPR data obtained in practice is quite different from ideal theoretical
models. Direct interaction between antennas (crosstalk), strong surface reflections
at the air-soil boundary, scattering caused by inhomogeneous ground structure, and
multiple reflections caused by the signal echoing between layers create intense noise
components referred to in the literature as “clutter.” These noises generally mask weak
signals returning from the target, reducing image quality and making target detection a
serious signal processing and engineering problem.

To solve this problem, statistical subspace methods such as Singular Value
Decomposition (SVD) and Principal Component Analysis (PCA) have been used
in the literature for many years. However, these linear methods are insufficient for
separating the target signal from noise in complex and variable ground conditions and
often lead to the loss of target data. Moreover, although advanced techniques such
as Low-Rank Sparse Decomposition (LRSD) offer improvements, they suffer from
a critical dependency on the manual tuning of regularization parameters. Although
Convolutional Neural Networks (CNNs) have become popular with the advent of
deep learning, the “limited receptive field” problem of these architectures prevents the
capture of long-range (global) context spread across the entire image, such as hyperbolic
reflections in GPR radargrams. Furthermore, most existing studies treat the processes
of clutter removal and target detection as separate, sequential blocks. In this approach,
even the slightest data corruption during the cleaning phase can cause the target to be
completely missed during the detection phase.

This thesis contributes four original and innovative architectures to the literature to
overcome the aforementioned methodological and structural limitations. First, an
Autoencoder Guided Low-Rank Approximation (AE-LRA) approach is introduced to
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address the parameter dependency of classical LRSD methods by automatically learning
the low-rank clutter distribution from the data. Second, DC-ViT (Densely Connected
Vision Transformer), based on the Vision Transformer architecture, was developed to
overcome the local focus limitation of CNNs. This model uses the “Self-Attention”
mechanism to model the relationship between information at any point in the image and
all other points, capturing the global context. At the same time, thanks to the densely
connected connections and “Locally-enhanced Feed-Forward” (LeFF) blocks integrated
into the structure, the preservation of local details, which Transformers are generally
weak at, is ensured.

Third, the DC-Mamba architecture is presented as a solution to the quadratic
computational load problem that Transformer models create with high-resolution data.
This model adapts the “State Space Models” (Mamba) architecture, which can model
long-range dependencies in data with linear computational complexity, to the GPR
domain. In particular, the Tensor-Train (TT) decomposition technology used in the
model’s V2 variant radically reduces the model’s number of parameters and memory
usage, enabling it to operate with high efficiency on embedded systems with limited
processing power (FPGA, mobile processors, etc.).

The fourth and most comprehensive solution, RAFDEC-YOLO, is an end-to-end “Joint
Learning” architecture that combines clutter removal and target detection tasks in a
single network. The “Residual Adapter Fusion” (RAF) mechanism developed in this
model transfers noise-free feature maps obtained from cleaning layers to the detection
neck without disrupting the gradient flow of the main detection network. Thus, the
network learns not only to visually improve the image but also to highlight features that
will maximize detection success.

The performance of the developed models was validated using extensive synthetic hybrid
datasets and sandbox experiments conducted under challenging laboratory conditions.
Comparative experiments indicated that the proposed AE-LRA method achieved greater
Signal-to-Clutter Ratio (SCR) improvement than RPCA and NMF methods, without
the need for manual parameter adjustment. The DC-Mamba architecture also delivered
superior image quality and processing efficiency, producing the cleanest B-scan images,
especially in conditions with intense signal attenuation, such as beneath asphalt, and
high surface complexity. On the target detection side, RAFDEC-YOLO detected weak
targets with high reliability even in data where sequential methods completely failed,
and targets were lost in noise. Furthermore, thanks to the integrated training strategy,
it was shown that the model’s bounding boxes encircle targets much more tightly and
accurately.

This study shows that joint models considering the global context in GPR are efficient
and can share information between tasks. As a result, they deliver results that are much
better, more reliable, and more practical than traditional methods.
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YNR’DE KARGASA GIDERME VE HEDEF ALGILAMA IiCIN
YENI DERIN OGRENME TABANLI YAKLASIMLAR

OZET

Yere Niifuzlu Radar (YNR), elektromanyetik dalga teorisine dayanan ve s1g yeraltt
yapilarinin goriintiilenmesinde kullanilan ileri teknoloji bir jeofizik yontemdir. Sisteme
ait temel ¢alisma prensibi, verici anten tarafindan gonderilen yiiksek frekansl (10 MHz
— 3 GHz) elektromanyetik dalgalarin, yeraltindaki farkli dielektrik 6zelliklere sahip
materyallerle, yani toprak katmanlari, bosluklar veya gomiilii nesnelerle etkilesime
girmesi ve bir kisminin ylizeye geri yansimasi esasina dayanir. Geri donen sinyalin
alic1 anten tarafindan kaydedilmesiyle, hedefin derinligi ve konumu hakkinda bilgi
edinilir. Bu siirecte sinyalin hizi, ortamin dielektrik sabitine (€,) dogrudan baghdir;
ornegin suyun yliksek dielektrik sabiti sinyali yavaglatirken, kuru kumda sinyal daha
hizli ilerler. YNR verileri genellikle ii¢ farkl: formatta gorsellestirilir: Tek bir noktadan
alinan derinlik-genlik bilgisi olan A-tarama, antenin bir hat boyunca hareketiyle elde
edilen ve yeraltinin kesitsel goriintiisiinii sunan B-tarama ve paralel B-taramalarin
birlestirilmesiyle olusturulan hacimsel C-tarama. Bu tezde odaklanilan B-tarama
goriintiilerinde, nokta hedefler (6rnegin borular veya mayinlar), antenin hedefe yaklasip
uzaklasmasi sirasinda olusan mesafe degisiminden dolay: karakteristik bir hiperbol,
yani ters U seklinde goriiliir. Ancak, ideal bir YNR goriintiisii elde etmek pratikte
oldukca zordur ¢iinkii alinan ham sinyal, sadece hedeften gelen yansimayi degil, ayn
zamanda Kargasa olarak adlandirilan yogun giiriiltii bilesenlerini de igerir. Literatiirde
bu kargasa sinyalleri; verici ve alici anten arasindaki dogrudan etkilesim ile hava-toprak
sinirindaki gii¢lii yansimalarin olusturdugu ve hedefi maskeleyen yatay bantlar olan
rrken zaman kargasa sinyalleri, toprak icindeki taglar ve kokler gibi heterojen yapilarin
neden oldugu Sacilma ve sinyalin katmanlar arasinda gidip gelmesiyle olusan Coklu
Yansimalar olmak {iizere li¢c ana kategoride incelenir. Bu kargasa sinyalleri enerjisi
genellikle hedef sinyalinden cok daha yiiksek oldugu icin, zayif hedef yansimalarinin
tespit edilmesi ve yorumlanmasi ciddi bir miithendislik problemi haline gelmektedir.

YNR veri isleme literatiirii, basit sinyal isleme tekniklerinden karmasik yapay zeka
modellerine dogru evrilmistir. Ilk donemlerde kullanilan Ortalama Cikarma gibi
yontemler, duragan yatay bantlar1 kaldirmada etkili olsa da, egimli veya diizensiz
yiizeylerde yetersiz kalmistir. Istatistiksel yontemlerin yiikselisiyle birlikte, Tekil
Deger Ayristmi (TDA) ve Temel Bilesen Analizi (TBA) gibi alt uzay yontemleri
popiiler hale gelmigstir. Bu yaklasimlar, veriyi en baskin bilegenlere ve daha zayif
bilesenlere ayirarak temizlemeyi amaglasa da, bu lineer yontemler karmasik ve lineer
olmayan toprak yapilarinda hedef sinyalinin bir kismim giiriiltii kabul ederek silme
riski tasir. Daha ileri seviye olan Giirbiiz Temel Bilesen Analizi (GTBA) ve Diisiik
Sirali Seyrek Ayristirma (DSSA) yontemleri, kargasa sinyalleri matrisin "diisiik siral”,
hedefi ise "seyrek" bileseni olarak modelleyerek basariyr artirmigtir. Buna ragmen,
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bu yontemlerin performansi matematiksel parametrelerin manuel olarak ¢ok hassas
ayarlanmasina baghdir ve iglem yiikleri yiiksektir. Bu noktada, derin 6§renme temelli
Otokodlayici yaklagimlari, kargasanin diisiik dereceli yapisimi parametre ayarina gerek
duymadan 6grenerek umut verici bir alternatif sunmaktadir. Derin 6grenme devrimiyle
birlikte, Konvoliisyonel Otomatik Kodlayicilar (KOK) ve Cekismeli Uretken Ag (CUA)
mimarileri YNR alanina uyarlanmistir. Bu modeller, veri dagilimini 6grenerek daha
basarili temizleme yapsalar da, temel bir yapisal kisitla karsilagsmiglardir: CNN’lerin
dogas1 geregi sahip oldugu "yerel alic1 alan", piksel komgsuluklarina odaklanir; oysa
YNR goriintiilerindeki hiperbolik yansimalar ve katmanli yapilar, goriintiiniin tamamina
yayilan uzun menzilli (global) uzamsal bagimliliklar icerir. Standart CNN’ler bu global
baglami modellemede yetersiz kalmaktadir. Ayrica, mevcut literatiirdeki ¢aligsmalar
genellikle kargasa giderme ve hedef tespitini birbirinden kopuk iki ayri siire¢ olarak
ele alir. Bu ardisik yaklasimda, temizleme algoritmasi tespit aginin ihtiyaglarindan
habersizdir ve temizleme sirasinda olusan kiiciik bir bozulma, tespit asamasinda hedefin
tamamen kacirilmasina yol agabilir.

Bu tez caligmasi, belirtilen kisitlar1 agsmak icin dort temel yenilik¢i yaklasim
onermektedir. Ilk asamada, klasik matris ayristirma yontemlerinin parametre
bagimliligini ortadan kaldirmak amaciyla Otokodlayict Giidiimlii Diisiik Dereceli
Yaklasim (AE-LRA) yontemi sunulmustur. Bu yontem, verideki baskin kargasa
bilesenini bir otokodlayici ag1 ile 6grenerek ve parametre ayar1 gerektirmeyen giirbiiz bir
temizleme saglar. i1k olarak, CNN’lerin global baglam eksikligini gidermek igin Vision
Transformer (ViT) mimarisini temel alan DC-ViT modeli gelistirilmistir. DC-ViT,
goriintiiyu kiiciik yamalara bolerek ve "Self-Attention" mekanizmasini kullanarak,
goriintiideki her bir noktanin diger tiim noktalarla iligkisini hesaplar; boylece kargasa
sinyalleri ile hedef hiperbolleri arasindaki global yapisal farklar 6grenilir. Modelde,
standart ViT ten farkli olarak katmanlar arasinda yogun baglantilar kurularak bilgi akis:
giiclendirilmis ve Transformer’larin zayif oldugu yerel detaylar1 yakalamak i¢in LeFF
bloklar1 entegre edilmistir.

Ikinci olarak, Transformer modellerinin yiiksek islem yiikii sorununa c¢oziim
olarak, Mamba (State Space Models) mimarisi DC-Mamba adiyla ilk kez YNR
alanina uyarlanmigtir. Mamba mimarisi, veriyi bir dizi olarak isleyerek uzun
menzilli bagimliliklari lineer hesaplama karmasikligiyla modelleyebilir, bu da yiiksek
cOziiniirlikli YNR verilerinin ¢ok daha hizli islenmesini saglar. Model, global
ozellikleri 6grenen EVSS bloklari ile yerel detaylari isleyen Ters Residual bloklarinin
birlesiminden olusan hiyerarsik bir yapiya sahiptir. Ayrica, tezin en ¢arpici teknik
katkilarindan biri olan Tensor-Train (TT) teknolojisinin modele entegre edildigi V2
varyanti, performanstan ddiin vermeden parametre sayisini ve bellek kullanimini radikal
bir sekilde diisiirerek gomiilii sistemlere uygun hale getirilmistir. Ozellikle V2 varyanti,
DC-ViT mimarisine kiyasla parametre sayisinda %74 ve islem yiikiinde %71 oraninda
sagladig diistisle, donanim kisit1 olan cihazlarda yiiksek performans vaat etmektedir.

Uciincii ve en kapsamli model olan RAFDEC-YOLO ise kargasa giderme ve hedef
tespiti gorevlerini tek bir agda birlestirir. Model, YOLOv12 tabanl bir omurga, kargasa
temizleyen bir kod ¢oziicii ve tespit yapan bir kafa yapisindan olugur. Bu mimaride
kullanilan "Residual Adapter Fusion (RAF)" mekanizmasi, kargasa giderme dalindan
elde edilen temizlenmis 0zellik haritalarini ana tespit aginin boyun bolgesine eklemeli
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bir sekilde aktarir. Ayrica, temizleme dalinda kullanilan dikkat kapili yukar1 6rnekleme
bloklar giirtiltiiyii filtrelerken, ortak kayip fonksiyonu sayesinde ag uctan uca egitilerek
temizleme modiiliiniin tespit basarisimi artiracak 6zellikleri belirginlestirmesi saglanir.

Gelistirilen modellerin basarisi, oncelikle sentetik ve gercek verilerin birlesiminden
olusan hibrit veri seti lizerinde, ardindan zorlu laboratuvar kosullarinda gerceklestirilen
kum havuzu deneyleriyle dogrulanmistir. Yapilan karsilagtirmali testlerde, 6nerilen
AE-LRA yonteminin, parametre ayar1 gerektiren NMF ve RPCA gibi klasik yontemlere
kiyasla daha yiiksek sinyal-kargasa oran1 (SCR) artig1 sagladig1 ve hedef hiperbollerini
daha net ortaya ¢ikardig1 gdzlemlenmistir. Hibrit veri seti ile yapilan testlerde, onerilen
DC-Mamba mimarisi (6zellikle V1 varyant1), hem goriintii yeniden olusturma kalitesi
hem de giiriiltii bastirma yetenegi ac¢isindan geleneksel CNN modellerini ve Transformer
tabanli DC-ViT mimarisini geride birakmugtir. Ayrica, DC-Mamba’nin Tensor-Train
teknolojisi ile optimize edilen V2 varyanti, DC-ViT e kiyasla ¢ok daha diisiik bir
hesaplama yiikii ve parametre sayisina sahip olmasina ragmen, gorsel kaliteyi koruyarak
kargasa sinyallerini temizlemede iistiin bir basar1 sergilemis ve modelin verimliligini
hibrit veriler ve laboratuvarda yapilan dlciimler iizerinde kanitlamistir.

Kargasa giderme ve hedef tespitini tek bir cati altinda birlestiren Joint (Biitiinlesik)
modellerin degerlendirilmesinde, onerilen RAFDEC-YOLO mimarisi rakiplerine
kiyasla belirgin bir iistiinliikk saglamistir. Bu stiinliik, ilk olarak hibrit veri seti
tizerinde yapilan kapsaml testlerle dogrulanmis; ardisik egitim stratejisi ile egitilen
temel modellere (UNet, CR-Net vb.) kiyasla, biitiinlesik egitim yaklagiminin tespit
dogrulugunu (mAP) ve hassasiyeti (Precision) 6nemli olciide artirdig1 sayisal olarak
kanitlanmugtir. Ozellikle ardisik yontemlerin basarisiz oldugu ve hedeflerin kayboldugu
yogun giiriiltiilii gercek saha verilerinde, bu biitiinlesik yap1 zayif hedefleri dahi
tespit edebilmigtir. Asfalt alti1 gibi karmagsik senaryolarda RAFDEC-YOLO, ylizey
karmasasini filtreleyerek derin hedefleri yiiksek giivenilirlikle yakalamigtir. Ayrica,
sadece hedefin varligin1 bulmak degil yerini tam olarak belirlemek de kritik oldugundan,
biitiinlesik egitim stratejisi sayesinde modelin iirettigi tespit kutularinin hedefleri cok
daha siki ve dogru bir sekilde ¢evreledigi, rakiplerin aksine hatali konumlanmis kutular
tretmedigi gorsel analizlerle dogrulanmistir. Sonug olarak, bu tez ¢aligmasi GPR
teknolojisinde yapay zeka kullanimini bir adim 6teye tasiyarak; global baglami anlayan,
hesaplama acisindan verimli ve gorevler arasi bilgi paylagimi yapabilen mimarilerin,
ozellikle karmagik ve giiriiltiilii saha kosullarinda geleneksel yontemlere kiyasla ¢cok
daha iistiin ve giivenilir sonuclar verdigini kamitlamigtir. Yapilan kapsamli testler
sonucunda, DC-Mamba V2 modeli metalik hedeflerde %50 nin iizerinde SCR artis1
saglarken, RAFDEC-YOLO mimarisi mAP@0.5:0.95 metriginde mevcut literatiirdeki
en iyi modellere kiyasla %29’a varan performans farki olusturmustur.

Gelecek caligmalar kapsaminda, bu tezde sunulan derin 6grenme yaklasimlarinin
3-boyutlu (3-B) YNR verilerine (C-tarama) uyarlanmasi hedeflenmektedir. Ayrica,
modellerin genellestirme yetenegini artirmak ic¢in farkl toprak tiplerine adaptasyon
siireclerinin iyilestirilmesi ve gelistirilen hafif mimarilerin gdémiilii sistemler iizerinde
donanim hizlandirmali uygulamalarinin gergeklestirilerek gercek zamanli uygulamalara
entegrasyonu planlanmaktadir.
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1. INTRODUCTION

The non-destructive analysis of underground structures and objects is a strategic issue in
today’s engineering and fundamental science research. Among the technologies used in
this context, Ground Penetrating Radar (GPR) stands out for its high-resolution imaging
capability, application speed, and flexibility across various surfaces. GPR technologies
started to develop after their first use as an alternative to seismic methods in lunar
surface research in the 1970s. Today, they are used in many areas, such as uncovering
archaeological remains, checking the structural integrity of important infrastructure
like bridges, tunnels, and nuclear power plants, detecting anti-personnel and anti-tank
mines in military operations, and analyzing geophysical layers. [1], [2]. GPR signals are
created when electromagnetic waves sent underground reflect off layers with different
dielectric properties. However, the uneven soil structure, direct reflections from the
ground surface, and scatterings from objects that are not the target can cause a lot of
noise, called “clutter.” This clutter often hides weak signals from the target, making
images less clear and detection harder. Because of this, it is important to use an effective

“clutter removal” method to get useful information from GPR data.

1.1 Problem Definition and Thesis Objective

GPR technology is important in many fields because it can inspect materials without
causing damage. Still, differences in soil structure, ground reflections, and signals from
other objects can mask the target’s unique hyperbolic reflections, making detection
challenging. Researchers have used statistical matrix decomposition methods like
Singular Value Decomposition (SVD) [3], [4], and Principal Component Analysis
(PCA) [5] to address this issue. Because these methods are sensitive to noise, more
robust techniques have been developed. For example, Robust Principal Component
Analysis (RPCA) [6] and Robust Non-Negative Matrix Factorization (RNMF) [7]

take advantage of the fact that pixel intensities are not negative. Godec [8], based



on the principle of random matrix-decomposition, has made significant progress in
the literature. However, despite improvements in clutter-removal performance, these
quantitative models have failed to deliver the desired results due to substantial data loss
when separating the target signal from the clutter component in complex, nonlinear,
and highly variable ground structures, and their performance is overly dependent on the

selected parameters.

Although deep neural network architectures such as Convolutional Autoencoders (CAE)
[9], [10], [11] and Generative Adversarial Networks (GAN) [12], [13], [14] have been
introduced in recent years to tackle these difficulties, it has been seen that long-range
spatial dependencies in radargrams cannot be adequately modeled due to the local

processing constraints of convolutional layers.

The main objective of this thesis is to provide end-to-end, high-performance deep
learning solutions that maximize the detectability of underground targets by eliminating
complex clutter structures in GPR images. In pursuit of this general goal, this
research intends to introduce an unsupervised Autoencoder Guided Low-Rank
Approximation (AE-LRA) [15] approach to overcome the parameter dependency
of classical decomposition methods, Transformer-based original models, such as
DC-ViT [16], which can capture the global context to overcome the limited receiver area
problem of classic CNN architectures, and State-Space Models, such as DC-Mamba,
which enable highly efficient modeling in the time-depth plane, to the GPR literature.
Within the scope of this thesis, we proposed a method that presents a state-of-the-art
clutter-removal and target-detection system in an end-to-end framework. With this
method, models that were previously trained separately on different networks are now
combined under a single umbrella. This has both shortened the model training time
and made the target detection system more robust by utilizing information from feature
maps obtained during the clutter removal phase. Our proposed joint method also offers

a significant advantage for real-time systems that will be used in the future.

1.2 Proposed Methods

The first fundamental approach proposed in this thesis is Vision Transformer

(ViT)-based architectures that can model the global context and long-range spatial



dependencies in GPR radargrams. The DC-ViT (Declutter Vision Transformer) model,
developed to address the limited receptive field of traditional convolutional neural
networks (CNNs), enhances feature transmission and improves training consistency
by adding dense connections to the standard ViT architecture. In this architecture, the
relationships between image patches are learned through the “self-attention” mechanism,
thereby more competently minimizing the characteristic spread of clutter components
across the radargram. To overcome the data-starvation problem experienced by
Transformer models, especially on small-scale GPR datasets, convolutional layers
incorporated into the model maximize restoration quality by retaining local features.
The second original approach is the DC-Mamba method based on State Space Models
(SSM), which has attracted significant interest in the deep learning world as of 2024
and is presented as an effective alternative to Transformer architectures. The Mamba
architecture, adapted for the first time to the GPR clutter removal problem in this thesis,
can capture long-range dependencies in the data with linear computational complexity.
This eliminates the quadratic computational expense linked with traditional Transformer
models, especially when processing high-resolution, large-scale GPR data. The
DC-Mamba model treats reflections in the radargram as a sequence, precisely modeling

and cleaning noise originating from complex ground structures in the time-depth plane.

In addition to these supervised architectures, we introduce an unsupervised method
called Autoencoder Guided Low-Rank Approximation (AE-LRA) to overcome the
parameter dependency found in traditional Low-Rank Sparse Decomposition (LRSD)
techniques. Classical methods such as RPCA and RNMF require manual tuning of
regularization parameters. In contrast, our method uses an autoencoder to automatically
learn a low-rank clutter distribution, providing a robust, parameter-free way to remove

clutter.

In the final stage of this thesis, a Joint Deep Learning Architecture is proposed that
combines clutter removal and object detection processes within a single framework.
These processes, which are generally designed as two independent sequential stages in
the literature, have been combined in this thesis into a standard network architecture that
can be trained end-to-end. Thanks to this approach, the denoising layers are optimized

not only to improve visual quality but also to produce feature maps that maximize



the success of the target detection algorithm (YOLO/R-CNN). This proposed joint
architecture will be a milestone for methods that achieve low error rates and high-speed

target detection in future real-time field applications.

1.3 Literature Review

The clutter in GPR data is typically modeled as a high-energy, stationary (or
semi-stationary) component caused by direct reflections between the antenna and the
surface. The oldest and computationally simplest method proposed to solve this problem
is the Average Subtraction process. One of the primitive methods used to eliminate
clutter in GPR data is to apply statistical methods that partition the data into subspaces.
In this approach, the GPR data is separated into subcomponents: target, clutter, and
noise. Step frequency has compared methods such as averaging, likelihood ratio testing,
and system identification for GPR data and found that, despite the computational ease of
simple techniques, these methods are insufficient under complex subsurface conditions.
In contrast, time-frequency methods such as Wavelet Transform provided a higher
Signal-to-Noise Ratio (SNR) [3]. Over time, subspace methods based on the statistical
properties of the data have become more popular. Singular Value Decomposition (SVD)
and Principal Component Analysis (PCA) have been widely used to separate GPR data
into “clutter” and “target” subspaces. Another study, noting that the mean subtraction
method leaves residual noise, combined this method with an eigenvalue-based approach
to make the target signal more distinct [4]. In subsurface mapping applications, when
comparing PCA, moving median filters, and average removal methods, PCA was
reported to perform best at reducing clutter [17]. Highlighting the risk of leakage,
where PCA-based methods may mistakenly remove the target signal as noise, [18]
proposed applying PCA only to target regions using a non-homogeneous detector (NHD)
and developed the NHD-PCA and NHD-BSE (Blind Source Extraction) algorithms.
Emphasizing the inadequacy of standard SVD in detecting weak targets, [19] proposed
an optimized SVD approach that processes the actual measurement together with a
non-target reference measurement. Despite performance issues in subspace models,
Low-Rank Sparse Decomposition (LRSD) methods, which have been widely used in

image processing in subsequent years and applied to many problems, are also used for



clutter removal. In GPR data, the low-rank component is treated as clutter, while the
sparse component is treated as the target. The Robust Principal Component Analysis
(RPCA) method [20], which is part of this approach, is used to reduce noise in GPR
data [6]. The RPCA method employs the nuclear norm within a convex optimization
framework that necessitates high-dimensional principal component analysis. To address
the associated computational demands, several alternative approaches have been
introduced. For example, the GoDec method [21] utilizes bilateral random projections,
which are computationally less intensive than singular value decomposition. GoDec
has demonstrated effectiveness in reducing noise in ground-penetrating radar (GPR)
data [22], [8]. The Robust Orthonormal Subspace Learning (ROSL) method replaces
the nuclear norm in RPCA with group sparsity coefficients under an orthonormal
subspace to model the low-rank component [23], and has also been applied to GPR noise
removal [24]. Robust Non-Negative Matrix Factorization (RNMF) [25] simultaneously
decomposes data into low-rank and sparse components. The RNMF approach for GPR
denoising is both faster and more effective than RPCA [7]. Additionally, the LRSD
problem has been addressed using a Robust Autoencoder (RAE) as an alternative to
RPCA for clutter removal in GPR data [26]. RPCA and related techniques typically
rely on convex relaxations, such as the nuclear norm, which may result in suboptimal
solutions. To overcome this limitation, the Direct Robust Matrix Factorization (DRMF)
method was developed to perform direct matrix factorization without nuclear-norm
relaxation [27]. Furthermore, the Factor Group-Sparse Regularization (FGSR) method
was introduced to address the parameter sensitivity observed in RPCA and RNMF by
employing a nonconvex approach [28]. This thesis proposes a method that eliminates
the need for a A parameter and generates a low-rank component representing the
clutter within an Autoencoder (AE) [15]. RPCA and similar methods are generally
based on convex relaxations (such as the nuclear norm), which can lead to suboptimal
results. To solve this problem, they developed the Direct Robust Matrix Factorization
(DRMF) method, which performs direct matrix factorization without nuclear-norm
relaxation [27]. The Factor Group-Sparse Regularization (FGSR) method, proposed in
another study, aims to address the parameter-sensitivity issues of RPCA and RNMF by

adopting a nonconvex approach [28]. In our thesis work, we proposed a method that does



not require a A parameter and generates a low-rank component representing the clutter
component in an Autoencoder (AE) [15]. The target image obtained by removing the
component derived from this method from the raw image outperformed results obtained
using Non-Negative Matrix Factorization (NMF) and other LRSD methods, such as
Robust Principal Component Analysis (RPCA), Robust NMF (RNMF), and Robust
Autoencoder (RAE). Despite these developments, the performance of LRSD-based
methods largely depends on the correct selection of regularization parameters, such
as A, and on the assumption that the chaos is low-rank. The weakening of these
assumptions in complex and heterogeneous soils has led researchers to Deep Learning
methods that can learn the data distribution. The first successful applications of
deep learning to GPR noise reduction are autoencoder architectures that employ
unsupervised or semi-supervised learning strategies. Among the pioneering works
in this field are the Convolutional Autoencoder (CAE) and its deeper version, the
Deep CAE (DCAE) structures [9]. In this work, raw GPR data were compressed into
a lower-dimensional feature space (latent space) using successive convolutional and
pooling layers. Then, clean images were reconstructed using decoder layers. It is
reported that the network trained with simulation data performs better than methods
such as MCA and RPCA, especially in complex scenarios, but shows comparable
performance to classical methods on real data (especially in dry soil conditions). To
enhance the feature extraction capabilities of standard CNN architectures, the U-Net
architecture and its derivatives, which have proven successful in biomedical imaging,
have been adapted to the GPR [10]. By integrating Attention Mechanisms into the
standard U-Net architecture, the Attention U-Net model was proposed [11]. This
approach includes a “Spatial Attention Module” (SAM), which allows the network
to focus only on regions relevant to the target, and a “Channel Attention Module”
(CAM), which highlights essential feature channels. Although attention mechanisms
help the network suppress irrelevant background clutter, they cannot fully address the
limited local receptive field, a fundamental constraint of CNNs. The success of deep
learning models largely depends on the amount of labeled data. However, in the GPR
field, it is nearly impossible to obtain both “cluttered” and “clean” (ground-truth) real

data for the same region. To address this data scarcity, methods based on Generative



Adversarial Networks (GANs) have been developed. In a study called Declutter-GAN,
an “image-to-image translation” approach that converts cluttered GPR images into
clean images using the conditional GAN (cGAN) structure is presented [29]. The
most significant contribution of this work is the use of a hybrid training set, created by
adding real (non-target) clutter data to the simulation data, to enhance the network’s
generalization. Another study addressing small datasets is the Wavelet-GAN model [13].
This method separates the GPR image into frequency sub-bands using the Discrete
Wavelet Transform (DWT), processing the low-frequency components with a CNN
and the high-frequency details with a GAN. Thus, even when trained with a limited
amount of real data, the network can quickly adapt to new target types. A more
recent approach, ULCR-Net, uses Diffusion Models to increase data diversity and
develops a Contrastive Learning-based GAN architecture to learn clutter patterns [30].
This enables chaos prediction without requiring large-scale matched datasets. The
aforementioned CNN- and GAN-based methods are highly effective at extracting local
features. However, GPR B-scans contain long-range (global) dependencies, such as
hyperbolic reflections and layered soil structures that span the entire image. The local
convolution operations of CNNs are insufficient for modeling this global context. To
overcome this limitation, the DC-ViT (Declutter Vision Transformer) architecture,
based on Vision Transformers [31], has been proposed [16]. DC-ViT divides the
image into patches and uses a Self-Attention mechanism to model the relationship
between information at any point in the image and all other points. Furthermore, using
convolutional layers (LeFF) [32] instead of standard MLPs in the Transformer encoders
has also improved the ability to capture local details, which is weak in ViTs. This work
is an essential milestone in the transition from CNN dominance to Transformer models

in GPR clutter removal and constitutes one of the main motivations of this thesis.

The main purpose of interpreting GPR data is to accurately determine the locations
of subsurface anomalies or buried objects. Recently, two-stage and single-stage
detectors have been widely used in visual object detection. Convolutional Neural
Networks (R-CNN), the forerunner of two-stage detectors, have achieved a significant
increase in accuracy compared to standard approaches by applying convolutional feature

extraction on region proposals based on selective search [33]. In the evolution of this



approach, the developed Faster R-CNN further improved computational efficiency
and detection performance by end-to-end learning of the region proposal process
through the integration of the Region Proposal Network (RPN) [34]. In contrast,
single-stage detectors offer a speed-focused paradigm. The You Only Look Once
(YOLO) architecture, introduced in 2016, treats object detection as a single regression
problem and enables real-time processing with grid-based predictions on the image.
This eliminates the region proposal cost of two-stage methods, providing superior
performance, especially in applications where latency is critical [35]. In the current
literature, subsequent iterations of YOLO (e.g., YOLOv8, YOLOv10, and beyond) and
the rise of transformer-based hybrid models continue to improve the accuracy-speed
tradeoff. The application of these general-purpose detectors to the GPR clutter
removal problem has been achieved through various strategies. For example, the
Faster R-CNN architecture was directly applied to GPR B-scans for object detection,
yielding promising results [36]. Detecting subsurface targets from GPR B-scan images
is a challenging problem due to signal clutter and low signal-to-noise ratio (SNR). To
overcome these difficulties, methods that combine clutter removal and object detection
have been proposed in the literature. However, the fundamental methodological issue
in the existing literature is that the clutter removal and target detection processes are
treated as separate, sequential (cascade) blocks. In this “discrete” approach, detection
networks are either fed with raw data or the clutter-removal process is applied as
a preprocessing step independent of the detection network. A study showed that
synthetic data cleaned using the RNMF method and then trained with Faster R-CNN,
EfficientDet, and YOLOV5 networks increased the detection success of the cleaned
data [37]. However, in this sequential structure, distortions or data losses introduced
by the clutter removal algorithm (e.g., RNMF or simple filters) in the target signal
irreversibly degrade the performance of the subsequent detection network. Since the
detection network is unaware of the clutter removal process (clutter-unaware), it cannot
compensate for the features lost during the cleaning stage. Another study proposed a
two-stage GAN architecture for clutter removal and dielectric constant extraction [14].
In a study using a similar GAN architecture, an unsupervised CycleGAN was employed

to suppress clutter, followed by a separate target-localization algorithm [38]. In a study



proposing a framework called SpaDyn [39], anomaly detection is first performed using
Faster-RCNN, followed by dynamic feature extraction applied to these regions. In the
Dual Cascade model, which performs both clutter removal and target detection, the first
stage (Cascade-1) performs sequential cleaning by directly filtering wave clutter. In
contrast, the second network (Cascade-2) detects the target’s characteristic hyperbola,
enhanced by GPR spatial information and attention mechanisms [40]. Although
sequential methods offer a modular structure, running two separate models incurs
computational overhead, especially for real-time GPR applications. More importantly,
since the enhancement algorithm in the first stage operates independently of the
detection task, there is a risk of losing features that could be critical for target detection.
To overcome the computational load and information-loss limitations of sequential
models, Joint frameworks have been developed that combine object detection and
image reconstruction into a single model. These approaches typically share a common
backbone for detection (high-level) and reconstruction (low-level) tasks. The models
are optimized using a composite loss function that combines detection loss. Many
studies use the restoration task as an auxiliary branch to train the backbone of the main
detection network. For example, DSNet [41] and TogetherNet [42] share the RetinaNet
and YOLOX backbones, respectively, with a de-hazing subnetwork. SuperYOLO [43]
and ESRTMDet [44], developed for remote sensing (RSI), use super-resolution (SR) as
an auxiliary task. Typically active only during training, these auxiliary branches enable
the shared layers to learn more robust features and do not increase computational load
during inference. For SAR images, [45] combines noise suppression and segmentation
as auxiliary tasks. The integrated model approach has also begun to find its place in
the GPR field. For example, DA-YOLO [46] uses a GAN-based domain adaptation
(DA) module and pseudo-labeling strategy to reduce the domain gap between FDTD
simulations and real data. Following the modern “Joint Learning” trend in the literature,
this thesis presents an innovative GPR analysis framework that optimizes clutter removal

and target detection in a single architecture using a common loss function.






2. BACKGROUND ON GROUND PENETRATING RADAR

2.1 Overview of the GPR System

Ground Penetrating Radar (GPR) is a non-destructive geophysical method that uses
high-frequency electromagnetic (EM) waves to obtain high-resolution images of shallow
subsurface layers and buried objects. While it is fundamentally similar to the seismic
reflection method, it uses EM waves in the microwave band (typically 10 MHz - 3 GHz)

instead of acoustic waves.

GPR has a wide range of applications, from archaeology to civil engineering, mine
detection to glacier research. The system’s fundamental success relies on its ability
to detect changes in the dielectric properties (electrical conductivity and dielectric

constant) of the subsurface environment.

When the transmitted wave encounters an interface or object with different dielectric
properties, part of the energy is reflected to the surface and the rest continues deeper

into the subsurface.

The operating principle of a GPR system involves transmitting short electromagnetic
pulses into the subsurface using a transmitter antenna and recording the reflected signals

with a receiver antenna.

The process can be described in the following steps:

e Signal Transmission: The transmitter antenna sends a pulse into the ground at time

t=0.

e Propagation and Reflection: When the signal encounters a target with a different

dielectric constant (€,), it scatters due to the change in impedance.
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e Signal Reception: The reflected wave returns to the receiver antenna at the surface.
The depth (d) of the target is found by using the round-trip time (¢) of the signal and

the speed (v) of the wave in the material, as shown below:

V-t
= — 2.1
d== @.1)

Here, the velocity v is approximately as follows in terms of the speed of light in
a vacuum (¢ ~ 3 x 108 m/s) and the relative dielectric constant of the medium (&,)

(assuming magnetic permeability is 1):

(2.2)

This relationship points out the vital role of the medium’s dielectric properties in depth
estimation. For example, because water’s dielectric constant (&, ~ 81) is much higher
than that of dry sand (&, =~ 3 — 6), the wave velocity decreases on wet ground, and the

signal attenuates more quickly.

GPR data visualization is performed in three basic formats, depending on the antenna’s

movement model and the data-acquisition strategy used.

The most fundamental of these is the A-Scan, which is a one-dimensional signal trace
recorded while the antenna is stationary; here, the vertical axis represents time or depth,

and the horizontal axis represents reflection amplitude.

However, the A-Scan format does not provide spatial information regarding the target’s
geometry. The B-Scan is generated by moving the antenna along a line and arranging
sequential A-Scans side by side, resulting in a two-dimensional cross-sectional image

of the subsurface.

In the B-scan format, which is also the main focus of this thesis, the horizontal axis
represents the antenna’s position on the surface, while the vertical axis represents
the signal’s round-trip time; point targets such as pipes or mines are displayed in a
characteristic hyperbolic (inverted U) shape depending on the antenna’s approach and

retreat movement.
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Figure 2.2: B-scan image reconstructed from data acquired by the GPR system.



The third format, C-Scan, is a three-dimensional volumetric image created by combining
multiple B-scan lines that are parallel to each other in a specific area and is generally

used to map horizontal cross-sections (time slices or width) at specific depth levels.

C-Scan

Depth

150
Jrecuen
ng DIE

100 .
geant

Figure 2.3: C-scan image reconstructed from data acquired by the GPR system.

Ideally, a GPR measurement would only capture reflections from the target, such as a
mine or a buried pipe. In practice, though, GPR signals also include many unwanted
components caused by the complex subsurface environment and hardware limitations.
These unwanted signals, called “clutter” in the literature, are coherent signals created
by the interaction between the electromagnetic wave and the medium, which makes

them different from random noise.

GPR clutter can be grouped into three main categories based on where it comes from:

e Inter-Antenna Interaction (Crosstalk) and Surface Reflection: Some of the wave sent
from the transmitter antenna goes straight to the receiver antenna through the air,

without entering the ground. Also, because air and soil have very different dielectric
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properties, much of the transmitted energy is reflected back from the surface. These
signals, called “early-time clutter,” usually show up as horizontal, high-amplitude

bands in B-scan images.

e Scattering Clutter: Heterogeneous structures underground (rocks, tree roots, soil
voids) and local variations in dielectric properties cause the wave to scatter randomly.
This creates a “speckled” noise texture in the image and distorts the target’s

hyperbolic shape.

e Multiple Reflections (Ringing/Multiples): These occur when the signal bounces back
and forth between the surface and the antenna, or between different underground

layers.

Mathematically, the raw GPR signal x(¢) recorded by the receiver antenna at time
t can be described as the sum of these components, following the superposition

principle:

x(t) = Starget (t) + Cclutter(l) + Bpoise (l) (2.3)

Here:

® Siarger(t): The target signal, which is the signal reflected from the buried object and

is to be detected. It is usually very low in amplitude due to propagation loss.

® yise(t): Summed white Gaussian noise (AWGN), usually caused by receiver
electronics and environmental electromagnetic interference. It has been omitted in

our studies.

® Coluner(t): The clutter component, which includes the surface reflections and

scatterings defined above.

The main problem with this model is that the energy of the c.j,e-(f) component is
usually much higher than that of the s/44¢(f) component. For shallow targets, strong
surface reflections can completely hide the target signal. Also, because clutter signals

have a frequency spectrum similar to the target signal, simple frequency filters cannot
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separate them. This challenge limits the effectiveness of target-detection algorithms
and points out the need for advanced clutter-removal methods using Deep Learning

(DC-ViT and DC-MAMBA), as proposed in this thesis.

2.2 Dataset Collection

In this thesis study, the hybrid CLT-GPR dataset developed by [10] was used for training
deep learning models. This dataset consists of three different categories aimed at
maximizing data diversity. The first component of the dataset, the Synthetic Sub-Dataset,
comprises 1,920 B-scan images obtained by simulating six different soil types and four
surface conditions using the gprMax software and the FDTD method with a 1.5 GHz
GSSI antenna model. The second component, the Sand Sub-Dataset, consists of 6,000
hybrid data points created by mathematically combining real field clutter collected
with a multi-polarimetric system operating in the 1.3—6.0 GHz range with synthetic
target signatures. Finally, the Concrete Sub-Dataset, representing urban infrastructure,
contains 4,000 hybrid images based on real concrete clutter collected using monostatic

and bistatic configurations of a single-polarization GPR system.

This comprehensive dataset, which integrates synthetic targets with real-world
conditions, enables the developed models to generalize effectively to both controlled

simulation environments and complex real-world scenarios.

The model was also tested in real-world conditions, not only with synthetic data.
Field measurements took place in a 2 X 1 m test pool at the Radar Signal Processing
Laboratory of Istanbul Technical University. Measurements were collected using
1000 data points in the 600 MHz-1300MHz frequency band. Three scenarios were
designed to test detection performance, including distinguishing between metal and
dielectric materials and detecting targets at different depths. Asphalt layers and other
environmental factors were added to introduce clutter. Table 2.1 provides more details

and objectives for these experiments.

This combined strategy, which combines controlled synthetic datasets using

experimental field measurements, establishes a strong basis for evaluating the proposed
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models. The physical experimental setup is shown in Figure 2.4, and schematic diagrams

of the test scenarios are presented in Figure 2.5.

Figure 2.4: Laboratory setup and equipment used for GPR measurements.

The data were preprocessed before being used in the model. Each radargram was resized
to 256 x 256 pixels, and pixel values were scaled to the [0, 1] range. For supervised
target detection, axis-aligned bounding boxes were manually drawn around hyperbolic

reflections in the validation set to create ground-truth labels.

2.3 Performance Evaluation Metrics

To evaluate clutter-removal performance, we use the Peak Signal-to-Noise Ratio (PSNR)

on the hybrid dataset, for which the ground truth is available. PSNR is defined as:

2.4)

MAX?
PSNR = 10log, < L )

MSE
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Table 2.1: Summary of experimental scenarios used in laboratory measurements.

~

Asphalt

Scaning Direction

Scenario Focus Target Configuration Objective

Scenario 1 Dielectric Mobile Phone (10 cm Evaluate detection ca-
Contrast depth) and Water-filled pability for weak di-

PET Bottle (5.5 cm electric targets with low
depth), spaced 60 cm reflectivity contrast.
apart.

Scenario 2 Material Mobile Phone (10 cm Assess shape robustness
Variety depth) and Cylindrical and detection perfor-

Rebar (6 cm depth), mance across different
spaced 60 cm apart. material types (metal vs.
composite).

Scenario 3 Complex Same target configura- Simulate challenging ur-
Environ- tion as Scenario 2, but ban conditions with sig-
ment with the sand surface nificant surface clutter

covered by an asphalt and signal attenuation.
layer.
Antennas

Figure 2.5: Experimental scenarios used in laboratory measurements: a) Scenario 1:
Mobile phone and water-filled PET bottle. b) Scenario 2: Mobile phone and cylindrical
rebar. ¢) Scenario 3: Targets buried under an asphalt layer to simulate complex surface

clutter.

where MAX] is the maximum possible pixel value of the image, and MSE is the Mean

Squared Error between the original and processed images.
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We also employ the Multi-Scale Structural Similarity Index (MS-SSIM) to assess the
preservation of structural information. MS-SSIM calculates the structural similarity
between two images across multiple scales, providing a more robust measure of image
quality than single-scale SSIM:

M
MS-SSIM(x,y) = [lps(x,y)] % - H[cj(x,y)]ﬁf [sj(x,)]% (2.5)
=t

where /) represents luminance comparison at the coarsest scale M, and c; and s; denote
the contrast and structure comparisons at scale j, respectively. The exponents oy, B;,7;

are weights for each component.

For real-world experiments lacking ground truth, we adopt the Improvement Factor (IF)

based on the Signal-to-Clutter Ratio (SCR).

To evaluate with SCR, the GPR data x € R”*">1 is normalized in the [-1,1] range, and
then the target energy function (TEF) is calculated for each A-Scan sequence that forms
the GPR image. The calculations required to find TEF and SCR are shown in (2.6) and
(2.7), respectively.

H
TEF(j) = . |x(i. /) (2.6)
i=1
SCR = max (TEFDTR) (27)
max (TEFFAR)

To distinguish signals from the target and clutter, the target and its near surroundings
are defined as the detection region (DTR), and the remaining areas are defined as the
false alarm region (FAR). Appropriate intervals for the target and clutter were selected
from the calculated TEF array, and TEFpTr and TEFgar. The power of the signal and
clutter is estimated as the maximum of TEFpTr and TEFgar and used to calculate the

SCR.

The IF quantifies the enhancement in decibels:

SCR pred
SCRyaw

> (2.8)

where a higher IF indicates superior clutter suppression.
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To quantitatively evaluate the target detection performance of the proposed ensemble
models, the standard metrics accepted in the literature, namely Precision, Recall, and

Mean Average Precision (mAP), were used.

Precision is the proportion of the model’s predicted positives that are actually correct,
i.e., the reliability of the predictions. Recall, on the other hand, measures how well
the model can detect the actual targets in the dataset; in other words, the scope of its
detection capability. These two metrics are mathematically expressed by the following

formulas:

TP TP

P=—— R=— (2.9)
TP+FP TP+FN

These equations use the Intersection over Union (IoU) criterion. True Positives (TP)
are predicted boxes that match ground truth objects with an IoU above a set threshold.
False Positives (FP) are detections with IoU below the threshold or background areas
wrongly marked as objects. False Negatives (FN) are ground-truth objects the model
misses or predicts with little overlap. IoU measures how much the predicted box (B),)

overlaps with the ground truth box (Bg,) as shown below:

Area(B,NBy)
Area(B, UBy)

IoU = (2.10)

To evaluate overall model performance, we use the Average Precision (AP) metric. AP
is the area under the Precision-Recall (PR) curve and is calculated as the integral of

precision over all recall levels:

AP = /01 p(r)dr (2.11)

Here, p(r) is the precision at a specific recall level r. In this study, we used two mAP
versions to analyze model performance. The first, mAP@0.5, measures detection at a
fixed IoU threshold of 0.5. The second, mAP@0.5:0.95, gives a stricter evaluation by
averaging mAP values at IoU thresholds from 0.5 to 0.95 in steps of 0.05:
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1 9
mAP@0.5:0.95 = 0 mMAP,U=0.5+0.05xi (2.12)
i=0

Especially in GPR data, the correct positioning of hyperbolas is very important.
Therefore, it is important to use the “mAP@0.5:0.95” metric, which penalizes
incorrectly placed bounding boxes more heavily. In addition, the operational efficiency
and computational costs of the models were compared in terms of floating-point

operations per second (FLOP) and total number of parameters (M).
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3. PROPOSED METHODS FOR CLUTTER REMOVAL IN GPR DATA

3.1 Proposed Unsupervised Model

3.1.1 Autoencoder-guided low-rank approximation (AE-LRA)

Autoencoders are an unsupervised learning method, and since the representation is

learned automatically from the data, the learned representation is specific to that data.

To implement autoencoders, three functions are required: an encoding function, a

decoding function, and a loss function to calculate the loss between inputs and outputs.

The encoder processes raw input data (x) in the input layer. Subsequent hidden layers
gradually reduce the size of the data by applying activation functions such as ReLLU or
sigmoid. Each layer contributes to the development of a compressed representation by

extracting specific features and patterns.

The bottleneck layer or hidden space in the encoder forms the core of the autoencoder.
This layer has a much lower dimensionality than the input data and serves as the
compressed encoding or hidden representation (z). The hidden space stores the most
critical information needed to reconstruct the original data. The hidden representation

(z) is expressed as follows.

Z:feg(x) = ¢e(Wex+be) 3.1

Where fj, is the encoder function, ¢, is an activation function such as a sigmoid function
or a rectified linear unit (ReLU), W, is a weight matrix, and b, is a bias vector. Here,

0, represents the learnable parameters of the encoder, consisting of W, and b,.

The decoder starts with the encoded representation (z) from the latent space. Hidden
layers progressively increase the data’s dimensionality to recover information lost

during compression. The activation functions in these layers help to learn the mapping
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back to the original input space. The final layer produces the reconstructed output data

(¥X). The reconstruction result can be expressed as follows.

%= go,(2) = ga(Waz+Dby) (3.2)

where gg,, 94, W4, and b, are decoder function, activation function, weight matrix, and

bias vector, respectively.

To implement autocoders, three functions are required: an encoding function, a decoding

function, and a loss function to calculate the loss between inputs and outputs.

The encoder and decoder functions are parametric functions, such as Artificial Neural
Networks (ANNs), whose derivatives can be taken according to the distance function
used in the loss function. Thus, the encoder and decoder functions can be optimized

using Stochastic Gradient Descent (SGD) to minimize the reconstruction loss.

The autocoder diagram is shown in Figure 3.1. The dimensions of the input to the

encoder block and the reconstructed data output from the decoder block are the same.

Autoencoder neurons are connected through random weights (w) and biases (b) to
avoid getting stuck in local minima during training. Random initialization helps break

symmetry and allows for exploring different solutions.

In this study, to obtain an image containing the target component from GPR data, we
propose a method that reconstructs the image containing clutter components using an

autoencoder and extracts it from the raw GPR image.

The proposed method leverages the power of autoencoders, which are artificial neural
networks trained to reconstruct their inputs. The encoder takes raw GPR data as
input. This data is typically represented as a collection of samples, denoted by
xM*N  The encoder function fg,(x) decreases the size of the data and generates a
compressed representation (z) from Eq. 3.1. The decoder function, gg,(x), utilizes this
compressed representation for reconstruction. The objective function used to reconstruct
the low-rank component is given below

min 1 — g6, (fo, (%)) (3.3)

ey,9d
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Encoder Bottleneck Decoder

Figure 3.1: Architecture of an autoencoder.

The Frobenius norm is widely used in the low-rank approximation. The loss function to

measure reconstruction error can be defined as

L(x,%) =[x~ %[, &= gq,(fo,(x)) 3.4)

Briefly, the optimal values of the weights that minimize the objective function (6,, 6,)
are obtained by training the autoencoder using gradient descent. The objective function
allows the network to be trained to learn low-rank components as outputs, and thus,
the network does not require any training data. The target output is obtained by
subtracting data containing low-rank components from the raw data. The proposed
autoencoder-based GPR decluttering method is summarized in Algorithm 1. After
training the autoencoder to reconstruct the clutter component (X), the reconstructed
clutter component is subtracted from the raw GPR data (x) to obtain the target

component (x;). This expression is as follows:

X; =X —X. 3.5
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Algorithm 1 Proposed Autoencoder-Based Clutter Removal Method

1: Input: GPR data x
2: Parameters: Encoder function fyg(x), Decoder function g¢(z)
3: Loss function: L(x,%) = ||x — gq, (fo,(X))||%
4: Initialize encoder weights 6, and decoder weights 6,
5: Set learning rate &, number of epochs N
6: for epoch =1 to N do
7: Compute encoder output: z = fg, (X)
8: Compute decoder output: £ = gg,(z)
9: Compute loss: L(x,X)
10: Update encoder weights: 6, < 6, — Oﬂg—gg
11: Update decoder weights: 6, <— 6, — “59_95
12: end for

13: Output: X, =x—X

In the study, we used hidden-layer dimensions (128, 64, 32, 64, 128) for the encoder
and decoder, set the learning rate to 0.001, and used Stochastic Gradient Descent to

update the weights.

3.1.1.1 Experimental results on hybrid data

We used the test set from the hybrid dataset [10] to compare our proposed method with
SVD, PCA, NMF, RPCA, RNMF, and RAE [26]. PSNR and MS-SSIM results are
given in Table 3.1.

Table 3.1: PSNR and MS-SSIM Results for Hybrid Dataset.

Methods SVD PCA NMF RPCA RNMF RAE AE-LRA

[51 [5]  [47] 6] (71  [26]  [15]

Mean PSNR (dB) 24.48 24.41 24.49 27.72 28.60 28.18 28.94
MS-SSIM (Mean) 0.841 0.833 0.841 0.875 0.889 0.868 0.892

Table 3.1 and Figure 3.2 show that our proposed method outperforms SVD, PCA, NMF,
RNMF, and RPCA. The recommended A is given by;

A =1/y/max(H,W) (3.6)

in [6], and we found A = 0.0625 for the data sizes in our dataset. For this value, our
method achieved higher PSNR and MS-SSIM. The results obtained using different A
values in RAE are shown in Table 3.2. The Table 3.2 shows that the A value generated

by the empirical formula in RAE does not consistently yield the optimal outcomes. Our
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proposed method does not need A parameter and soft-thresholding to calculate sparse
components as in RAE. Instead, it computes only the low-rank component and recovers

the target image by subtracting the raw image from it.

Table 3.2: AE-LRA result for different A values.

A 0.05 0.0625 0.001 0.005 0.0001
Mean PSNR (db) 26.73 28.18 29.48 29.46 28.59
Mean MS-SSIM (db) 0.8568 0.8684 0.8934 0.8923 0.8748

(@ (b ¢ @ (e) S) (2) (h) (i)

Figure 3.2: Comparison results for a sample GPR image from the hybrid dataset. (a)
Raw data, (b) Ground-truth, clutter removal results obtained by (c) SVD, (d) PCA, (e)
NMEF, (f) RPCA, (g) RNMF, (h) RAE, and (i) AE-LRA.

3.1.1.2 Experimental results on real-world data

Figures 3.3 and 3.4 show the results obtained for real data. In Figure 3.3, clutter-removal
results for a copper rod buried in sand at a depth of 10 cm are shown. Although the
target is recovered in the SVD, PCA, RPCA, and RNMF results, residual clutter remains
on the right side of the target. This clutter is absent in RAE and present in AE-LRA.

NMF fails to remove the clutter.

Clutter-removal results for plastic buried in sand at a depth of 6 cm are shown in Figure
3.4. Although all methods fail to completely remove the clutter due to the complexity
of the scenario, the distinction between clutter and target components is more evident

in the results of RNMF, RAE, and the proposed method AE.

3.2 Proposed Supervised Models
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Figure 3.3: Comparison results for real data for a copper rod at a depth of 10 cm in
sand (a) Raw data, clutter removal results obtained by (b) SVD, (c) PCA, (d) NMF, (e)
RPCA, (f) RNME, (g) RAE, and (h) proposed AE methods.

(a) (b) (©)

Figure 3.4: Comparison results for real data for a plastic bottle at a depth of 6 cm in
sand (a) Raw data, clutter removal results obtained by (b) SVD, (c) PCA, (d) NMF, (e)
RPCA, (f) RNMF, (g) RAE, and (h) AE.

(©)

WAl

6] (2) (h)
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3.2.1 Declutter vision transformer (dc-vit)

Traditional subspace-based clutter removal techniques, such as SVD and PCA, which
were widely used before the era of deep learning, aim to project raw GPR data onto
clutter and target subspaces. [5]. However, these methods may not perform well when
target components are split into multiple subimages. RPCA, on the other hand, aims
to optimize the low-rank and sparse matrix representation problem to separate noise
and target responses [6]. Nevertheless, it can struggle when target responses exhibit
broad, flat features and requires careful hyperparameter selection. Robust Non-Negative
Matrix Factorization (RNMF) optimizes a matrix representation problem to separate
low-rank complexity components from sparse target components [7]. However, like
RPCA, RNMF’s performance also depends on parameter selection, making it somewhat
sensitive to specific features of the underground scenario. Sparse representation-based
techniques such as morphological component analysis (MCA) [48] and dictionary
learning (DL) effectively separate noise and target components. However, dictionary
selection significantly affects their performance and complexity. More versatile noise
removal methods are needed to overcome these challenges in subsurface environments.
In recent years, deep learning-based approaches have attracted attention for GPR
noise removal and have demonstrated their potential through the accuracy results they
have achieved. In [9], a convolutional autoencoder is proposed for deconvolution,
and the study demonstrates how parameters such as convolutional filter size, number
of filter channels, and network depth affect network performance and superiority
over traditional methods. [10] proposes an encoder-decoder architecture built with
the U-NET architecture. In the skip connection section, Radial Dense Blocks are
used between the encoder and decoder instead of a direct connection to preserve
target-response features and reduce unwanted noise. Although Convolutional Neural
Networks (CNNs) are successful in capturing local features in images, their limited
filter sizes are not sufficiently successful in capturing long-range dependencies between
pixels. Furthermore, the static filter weights in CNNs also pose a challenge. Visual
Transformers (ViTs) overcome these limitations by using the Self-Attention mechanism,

which enables them to capture long-range dependencies and achieve notable success in
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various tasks [31]. The SA mechanism, which calculates the response at a given pixel
as the weighted sum of all other positions, is a more powerful and dynamic alternative
to CNN-based models for capturing long-range pixel dependencies. Multi-head
self-attention (MSA) incorporates multiple instances of parallel self-attention and
increases the model’s capacity to capture various patterns and dependencies in the
data, making it preferable to SA. Due to their advantages, Vision Transformers are
widely used in many image processing tasks such as denoising, image restoration, and

classification [49], [50], [51], [52].

This study proposes Declutter Vision Transformers (DC-ViT) to remove clutter in 2D
GPR images, also known as B-Scan. ViTs successfully capture long-range dependencies
through the self-attention mechanism. Still, since they are insufficient to capture local
information, the Convolutional block, which is better at capturing local contexts, was
used in DC-ViT instead of the MLP block. Since DC-VIiT is a deep network, dense
connections are used to reduce losses and interruptions in information flow between

layers.

GPR data can be expressed as follows:
X=X+ X (3.7)

where x € RV x. € RV and x, € RV denote GPR data, clutter component,
and the target component, respectively. H and W are the depth index and the number
of antenna locations. The proposed method for obtaining a target image containing
a hyperbolic target component, after removing clutter, from the given raw GPR data,
x, 1s explained in three parts. Firstly, raw images are transformed into a sequence
of informative elements. These elements are then processed through a novel Dense

Transformers Block. Finally, the processed features are used to reconstruct the image.
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3.2.1.1 Patching, patch embedding, and position embedding

In the initial part of the model, the input GPR image x € R”*W>1 is divided into patches

of size using (3.8), where P(.) represents the patching operation.

HxW 2
xp=P(x),xp €ER ¥’ P

(3.8)

These patches then undergo the Patch and Positional Embedding processes. Patch
embeddings flatten the patches, and they are then passed through a fully connected
layer. In this step, as seen in (3.9), feature embedding consisting of N D-length vectors

is obtained where N = H;2W , and Hpycngmp () 1s the patch embedding process.

xpe = Hpaengmp (xp) s xpe € RV (3.9

Positional encoding is essential for enabling the model to comprehend the order and
spatial relationships inherent in the input sequence. This encoding provides crucial
information regarding the positions and sequential arrangement of elements within
the input embeddings. Without this framework, models would struggle to process
temporal or spatial hierarchies effectively, thereby hindering their overall performance
on tasks that rely on a clear understanding of sequence dynamics. Standard learnable 1D
positional embeddings, similar to those in [31], have been used in the study. After the
patch embedding and position embedding processes, the required feature embeddings

to feed the Dense Transformer Network are obtained as follows:

Fo = xpe + Hposemb (X0) (3.10)

Here, Fy represents the vector sequence that feeds the Dense Transformer Network, and

Hposemp(-) is the Position Embedding process.

3.2.1.2 Dense transformer block

The Dense Transformer Block consists of dense connections within Transformer

Encoder Groups, which are sequential transformer encoder connections [53]. Instead
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of MLP used in traditional Transformer encoders, Locally-enhanced Feed-Forward
Network (LeFF) was used in the study. Since LeFF more effectively captures local
context in image data [54], it more effectively distinguishes local clutter from real
targets. The LeFF used includes 3x3 Depth Convolution, and ReLLU was used as an
activation function. Following this, Batch Normalization was used to normalize the
activations of the convolutional layers, reducing internal covariance shift and stabilizing

training for faster convergence.

Direct connections are established from any layer to all subsequent layers in Dense
Transformer Networks. Thus, the i-th layer receives the feature maps of all preceding

layers, and it can be represented as follows:

ﬁ:Hi(Con[f07fl7"'7ﬁ—l]) (311)

Here, f is the i-th feature map, and H(.) is a composite function that involves operations
such as Transformer Encoder Groups and Linear Projection (LP). Linear Projection can
help in simplifying the representation of clutter and target features. This can make it
easier for the network to separate clutter from meaningful signals. Connections between
Transformers are established using the Concatenation operator represented as Con|.]
in (3.11). Linear Projection is used to reduce the dimension after the Concatenation

operation.

As a result, the deep features are obtained as below,

Fp = Hprn (Fo) (3.12)
here, Hpry (Fp) represents the proposed Dense Transformer Network.
3.2.1.3 Reconstruction block

The obtained deep features are fed into a reconstruction block to obtain the target image,

and the result is expressed as follows:
xXr = Hyec (FD) (3.13)

where H,.. (Fp) represents the reconstruction process. In the reconstruction block,

reshaping is performed first, converting the N x D sequence into the % X % x D feature
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map, and then it is passed through a 1x1 convolutional layer. During this process, the
depth dimension is increased by a factor of 4 through UpSampling to enrich the deep
feature. To enhance resolution, the depth-to-space layer is used, resulting in a feature
map of size H x W x ‘;—12). Finally, using a 1x1 convolution block, the number of channels

RIT*Wx1 i¢ obtained. This reconstruction

is reduced to one and the target image x; €
step further helps isolate and refine the target GPR image while suppressing clutter.

Techniques like depth-to-space operations and convolutional layers enhance this process.

3.2.2 Declutter vision mamba (dc-mamba)

Current research shows a transition away from conventional signal processing to
deep learning (DL) methods, particularly Convolutional Neural Networks (CNNs)
[9]. Architectures such as CR-Net [10] and Attention U-Net [11] have produced
effective results in noise suppression. However, the limited receptive fields inherent
to convolutional operations frequently have difficulty capturing the long-range
dependencies required to distinguish target hyperbolas from broad noise. To overcome
these constraints, Vision Transformer (ViT) architectures have been adapted to the GPR
domain [16]. In our previous work, DC-ViT [16], we proposed a transformer-driven
approach that uses self-attention to model global context. However, the complexity of
self-attention scales quadratically with image resolution, creating a severe bottleneck

for high-resolution processing.

More recently, State Space Models (SSMs) like Mamba [55] have emerged, maintaining
linear processing time complexity while achieving the modeling power of Transformers.
Based on this, Vision Mamba [56] and VMamba [57] adapted selective scanning to 2D
data. In particular, Efficient VMamba [58] uses atrous selective scanning to improve

feature extraction.

In this study, we propose DC-MAMBA, a new architecture built upon the Effective
Visual State Space (EVSS) blocks of Efficient VMamba [58]. We developed two
variations: DC-MAMBA V1, which uses standard fully connected (FC) layers, and
DC-MAMBA V2, which employs Tensor-Train Linear (TT-Linear) layers [59] in linear
projections and dense connections. This structural improvement in V2 considerably

reduces the parameter load compared to V1 while retaining the capability to represent

34



global dependencies. Furthermore, a resource-efficient Lightweight Reconstruction
Block has been designed to convert deep features into high-resolution GPR images.
Unlike the single-step expansion in DC-ViT, this block gradually enlarges the image
using PixelShuffle and depth-wise separable convolutions. This technique lowers the

total GFLOPS cost while preventing checkerboard artifacts.

In this study, a hybrid architecture is proposed to eliminate clutter in GPR B-scan
images, featuring two distinct variants: DC-MAMBA V1 and DC-MAMBA V2.
This architecture overcomes the scalability limitations of previous DC-ViT work
by leveraging the linear complexity (O(N)) of State Space Models in both variants
and the parameter efficiency of the Tensor-Train (TT) decomposition, specifically in
DC-MAMBA V2. In the structure where the GPR signal model is defined by the
superposition x = x. + x;, where x is the raw data, x. is the clutter, and x; is the target,
the target estimation (X;) follows an integrated pipeline consisting of three fundamental
stages (Figure 3.6a). First, the input data is transformed into the feature space via a
convolutional patch embedding. In the encoding stage, Mamba blocks, which capture
global context, and CNN blocks, which process local details, are used sequentially,
with TT-Linear-supported dense connections that improve parameter efficiency. In the
final stage, dense features are processed using a Pixel Shuffle-based Reconstruction

mechanism to obtain a high-resolution target image.
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3.2.2.1 Dynamic patch embedding

At the input stage, the raw GPR data of size x € R”*W>*Cin is transformed into the
feature space using a convolutional operation that preserves local spatial continuity,
unlike standard approaches where non-overlapping patches are flattened. Using a 2D
convolutional layer with a P x P kernel size and a P stride, the integrity of the fine
hyperbolic structures in the GPR B-scans is preserved. The resulting feature sequence

Xp 1s expressed as follows:

H-W

xp ERVP N = 72

(3.14)

Here, N denotes the number of tokens, and D denotes the feature dimension. The
normalization applied following this process ensures that the data is transferred to

subsequent encoder blocks with a stable distribution.

3.2.2.2 Tensor-train linear layer

RM*K i of dimension

In traditional fully connected layers, the weight matrix W &€
M x K, and the number of parameters increases exponentially depending on the size of
the input and output dimensions. This situation creates a significant memory bottleneck,
especially for embedded GPR systems intended for real-time applications. In this
work, the Tensor-Train (TT) Decomposition method proposed by [59] is adopted to
alleviate the computational load. In this approach, instead of physically storing the
large W matrix, the input (M) and output (K) dimensions are virtually decomposed into
d submodes (tensor dimensions) (M = szl my and K = Hle ny). Thus, the weight
matrix is represented as a series of interconnected core tensors (G € R 17> 7k
rather than a single massive block. This factorization preserves the model’s expressive
power while achieving a logarithmic reduction in the number of parameters. When
running the model, the input is reshaped and multiplied by the kernels to produce the

output immediately, so there is no need to build the weight matrix. The output is then

turned into a single line of values.
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W(it,...,ia; j1,-- -5 ja) = Gili1, j1]Galiz, j2] - - - Galias jal (3.15)

Here, W (iy,...,ig; j1,---,Jq) represents the element of the weight tensor W indexed
by the output tuple (i1, ..., i) and the input tuple (ji, ..., js). The values {r}{_, are
called the TT-rank (rg = r; = 1. This method lowers the parameter complexity from
O(MK) to O(Zgzl mynre—17). As a result, it helps avoid memory bottlenecks when

working with multi-dimensional GPR data and enables the use of deeper architectures.

3.2.2.3 Efficient dense block

The Efficient Dense Block, which determines the model’s feature extraction capacity, is
a hybrid module in which G computation groups are arranged in a hierarchical filter
structure. In the architectural design, a dense connection strategy has been implemented
to prevent weak target scatterings from being lost in deeper layers, enabling the direct
transfer of features from previous layers to subsequent layers. In this structure, the /-th
computation group processes the cumulative tensor (Xcla,) formed by concatenating the

block input X and the outputs of all preceding groups along the channel axis:

X! = Concat([Xy,Yo,Y1,...,Yi_1]) (3.16)

The channel expansion resulting from the concatenation process can increase
computational cost. To overcome this bottleneck, the high-dimensional X/, tensor
is projected onto the model’s base dimension (D) using a standard fully-connected layer
(as in DC-MAMBA V1) or a high-parameter-efficiency TT-Linear projection layer (in
DC-MAMBA V2) (T, ;) to reduce it to the base dimension (D) of the model:

Xy = Tproj(XLar) (3.17)

The arrangement of groups within the block follows a “Global-to-Local” hierarchy
appropriate for GPR signal characteristics. The EVSS Groups, located in the first half
of the block (I < G/2), model long-range hyperbolic tails thanks to their broad receiver
areas. The Inverted Residual Groups located in the second half (/ > G/2) highlight
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target-focused fine details through local convolutions. Thus, the tasks of global clutter

suppression and local target enhancement are integrated within a single block.

3.2.2.4 EVSS block and group

The EVSS Group has been implemented in the first layers of the network (I < G/2) to
address the challenge of separating spatially extensive clutter from target signals. The
objective is to capture the extensive spatial relationships and typical complex patterns
of clutter within the hyperbolic reflections in the GPR image. The group consists of
Efficient Visual State Space (EVSS) blocks, as shown in Figure 3.6b. This architecture
processes the normalized input (Z,,,, = LayerNorm(Z;_;)) through parallel Global
and Local branches and then combines their outputs to form a comprehensive feature
map.

The Global Branch (TensorSS2D) uses the linear complexity (O(N)) of State Space
Models to capture global context. First, the input goes through a projection layer and is
split into a signal path («) and a gate path (z). In the DC-MAMBA V1 version, this is

done with a standard linear layer. In the V2 version, a more efficient TT-Linear layer is

used:

[u,z] = Split(TT-Linear(Z,prm)) (3.18)

To preserve local neighborhood information before the state space mechanism, the
signal branch is processed with a 3 x 3 depth convolution, followed by SiL.U activation.

Simultaneously, the gate branch is activated to regulate the information flow:

u' = SiLU(Convg, (1)), 7 =SiLU(z) (3.19)

The processed signal u' is fed into the 2D Selective Scanning (SS2D) mechanism. To
comprehensively capture spatial interactions throughout the entire B-scan image, the

signal is scanned in four main directions.
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To improve computational efficiency, an atrous sampling strategy is used. The module
solves discrete state equations (h; = Ah,_ + Bu)) in each direction, which helps track

the continuity of hyperbolic structures even when clutter is present.

The resulting global features are then modulated by the 7' gate and reflected back to the

feature dimension using a second TT-Linear layer:

Xg1obat = TT-Lineary,, (SS2D(u') ®2') (3.20)

The Local Branch operates concurrently with the Global Branch and is dedicated to
extracting high-frequency components and fine textural details. This module applies a
series of depthwise convolutions, batch normalization, GELU activation, and pointwise
convolutions. This configuration is designed to highlight local statistical differences

between background clutter and target responses:

Xiocar = Conv p,,(GELU(BN(Convgy, (Znorm)))) (3.21)

In the final stage, feature maps from both branches are adaptively weighted and
combined. The Squeeze and Excitation (SE) blocks are used to balance the contributions

of global hyperbolic forms and local features before adding the residual connection:

Zk = Zy—1 + (SE(Xgi0pa1) + SE(Xiocat)) (3.22)

3.2.2.5 Inverted residual block and group

Global context is crucial for clutter suppression, but precise target localization
needs high-frequency detail. Thus, in the deeper network layers (I > G/2), the
InvertedResidualGroup module focuses on enhancing general structures and defining
target boundaries. This structure consists of M consecutive Inverted Residual blocks
(Figure 3.6¢) and applies the “Expansion-Filtering-Compression” strategy known from
MobileNetV?2 to preserve parameter efficiency. Intra-block operations begin by shifting

the input to a higher channel dimension (Y- D) using a 1 x 1 convolution to prevent
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weak target signals from being lost and to increase representational capacity:
Xexp = 6(BN(Convi 1 (Xin))) (3.23)

Here, 7 is the expansion factor. In the expanded space, a 3 x 3 depthwise convolution is

applied to resolve spatial neighborhoods without increasing computational load:

Xaw = 0(BN(Convgy, (Xexp))) (3.24)

Among the extracted local features, the Squeeze — and — Excitation (SE) mechanism

(Figure 3.6d) is used to highlight critical information such as hyperbolic peaks:

Xse = X4y, - Sigmoid(MLP(AvgPool (Xy,))) (3.25)

The weighted features are then reduced back to the original channel dimension (D) in
the final stage using a 1 x 1 linear convolution. The absence of an activation function in

this step is crucial to prevent information loss:

Yblock = BN(Coanmj (Xve)) (326)

When the input and output dimensions are compatible, the process is completed
by adding a residual connection (X,,; = Xi, + Ypi0ck)- This approach leverages the
discriminative power of CNN-based filtering to preserve target signals after clutter

removal.

3.2.2.6 Lightweight reconstruction block

In the final stage of the proposed architecture, the denoised target image (X;) is
recovered from the dense features (Z,,.) obtained from the encoder. In this process,
a Pixel Shuffle-based progressive enlargement strategy is preferred to avoid the high
computational cost and checkerboard artifacts that can cause false target perception,
which are commonly caused by inverse convolution layers used in the literature. At

each magnification stage, repeated until the original resolution is reached, the additional
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channel information required for spatial expansion is first generated using a 1 x 1

convolution:

Z,/( =Convix(Z;_1) (3.27)

Here, the number of channels is increased to four times the target output (r = 2).
Subsequently, the resolution is increased by applying a parameterless tensor operation

that rearranges the information in the depth axis to the spatial axis:

z} =PS(zp), Z{ € RO 22 (3.28)

Any discontinuities that may arise after reordering are eliminated using deep

convolutions, normalization, and activation layers with high parameter efficiency:

Z = SILU(BN(Convg,,(Z]'))) (3.29)

After all stages, a final convolution and Sigmoid activation compress the pixel values
into the range [0, 1] to produce the final prediction. This process is repeated until the

original resolution is reached.

3.2.3 Loss function

Loss functions are used to measure the difference between the target images provided by
the network and the reference target images (the actual value for the target component).
The Mean Absolute Error (MAE), which calculates the average absolute error between
the target and reference target images, is a precise and fast method for handling

significant variations and is expressed as follows:

1 N
MAE= ——) |[Y -Y 3.30
Ty LY =T (3.30)

where H, W, Y, and ¥ represent the image height, image width, reference target image,

and target image, respectively.

This method, commonly used in image reconstruction problems, was employed as the

loss function in the clutter-removal networks in this study.
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3.2.4 Experimental results of supervised models

This section evaluates the proposed DC-MAMBA architecture through quantitative
analysis on a hybrid dataset and qualitative assessment of real-world GPR measurements.
To ensure a fair comparison, the benchmark models CR-Net and Attention U-Net were
configured as in their original studies. The encoder backbone used for DC-MAMBA
comprises 2 EVSS and 2 Inverted Residual group blocks, whereas the transformer-based
DC-ViT uses 4 Transformer group blocks. Three sequentially connected blocks are
used in the group blocks. The patch size was set to 8 x 8 and the embedding dimension
(D) to 512. For DC-MAMBA, the state dimension was fixed at 16 and the expansion
ratio at 1 to keep a lean computational footprint. All models were trained for 100 epochs
using the MSE loss function and optimized with the AdamW algorithm. Reconstruction
quality and computational efficiency were first evaluated on the synthetic test set,
and the models’ generalization capabilities were assessed using the signal-to-clutter

improvement metric on experimental data.

The hybrid GPR dataset provided by [10] was used for training and validation,
comprising 2000 synthetic, clutter-free images, partitioned into 85% training and
15% validation. To evaluate the model’s generalization capability under real-world

conditions, we used field measurements as shown in Table 2.1 and Figure 2.5.

All models were trained for 100 epochs using the MSE loss function and optimized

with the AdamW algorithm.

3.2.4.1 Selection of model parameters

To ensure fair comparison, benchmark models CR-Net and Attention U-Net were
configured as per their original studies. The encoder backbone used for DC-MAMBA
utilizes 2 EVSS and 2 Inverted Residual group blocks, respectively, while the
transformer-based DC-ViT uses 4 Transformer group blocks. Three sequentially
connected blocks are used in the group blocks. The patch size was set to 8 x 8 with an
embedding dimension (D) of 512. For DC-MAMBA, the state dimension was fixed at
16 and the expansion ratio at 1 to keep a lean computational footprint. All models were

trained for 100 epochs using the MSE loss function and optimized with the AdamW
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algorithm. Reconstruction quality and computational efficiency were first evaluated on
the synthetic test set, followed by the models’ generalization capabilities assessed using

the signal-to-clutter improvement metric on experimental data.

3.2.4.2 Experimental results on hybrid data

Table 3.3 compares the proposed DC-MAMBA models (V1 and V2) with CR-Net,
Attention U-Net, and DC-ViT. DC-MAMBA V1 uses a standard fully connected layer
and achieved the best result with an average PSNR of 53.61 dB. It outperformed both
DC-VIiT (53.43 dB) and CR-Net (51.30 dB). DC-MAMBA V2 uses the Tensor-Train
(TT) Linear layer. This model is very efficient in terms of size. As seen in Table I,
DC-MAMBA V2 has only 7.90 M parameters. This is about 74% smaller than DC-ViT
and 37% smaller than CR-Net. Despite the reduced size, it still achieved a high PSNR
of 52.86 dB. Also, both V1 and V2 models have much lower computational cost (12.57
GFLOPS) compared to DC-ViT (43.60 GFLOPS). This confirms that the Mamba-based

design is computationally efficient.

Table 3.3: Performance Comparison of Evaluated Models.

Model Avg. PSNR PSNR Std. Total Total
(dB) Dev. (dB) GFLOPs Params (M)
CR-Net [10] 51.2987 4.1779 33.0844 12.490
Attention UNet [11] 52.3591 2.8100 14.0180 8.812
DC-ViT [16] 53.4317 3.0830 43.5956 30.450
DC-MAMBA V1 53.6075 2.7962 12.5722 15.140
DC-MAMBA V2 52.8586 3.0332 12.5722 7.900

3.2.4.3 Experimental results on real-world data

The visual and numerical results for the S1, S2, and S3 scenarios are presented in
Figures 3.7-3.9 and Table 3.4. In the S1 scenario, where weak dielectric targets were
tested, CNN-based models (CR-Net and Attention U-Net) and the Transformer-based
DC-ViT were insufficient to suppress background noise, achieving low IF scores of 0.31
dB, 0.27 dB, and 1.48 dB, respectively. In contrast, DC-MAMBA V2 clearly revealed
the target hyperbola with a score of 9.22 dB. The SCR graphs below the B-scan images

also show this quantitative advantage. In these graphs, the DC-MAMBA V2 trace has a
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high-amplitude peak at the target location and reduces the surrounding clutter. Other

models, however, show more clutter components.

In the S2 scenario, which included metal targets that posed challenges due to noise tails,
CR-Net produced a negative result (-0.26 dB) while Attention U-Net was ineffective
(0.74 dB). Although DC-ViT showed a notable success with 7.98 dB, DC-MAMBA
V2 successfully isolated dominant reflections, reaching 12.20 dB and outperforming
DC-ViT by approximately 53%. As illustrated in the corresponding SCR signal
graphs, DC-MAMBA V2 significantly dampens the high-amplitude oscillation clutter
tails characteristic of metal targets, providing a sharp contrast to the CR-Net and
Attention U-Net traces, which fail to distinguish the target signal from the background

interference.

Finally, in the S3 scenario, in which an asphalt layer was added only on top of the
mobile phone target to simulate heterogeneous urban conditions, DC-MAMBA V1
showed superior resilience to signal attenuation. With an IF score of 16.11 dB,
the model outperformed DC-ViT (14.75 dB) by approximately 9% and produced
the cleanest B-scan images among all tested architectures. Furthermore, the SCR
analysis presented in the figures confirms this resilience, showing that DC-MAMBA V1
maintains the highest signal integrity and amplitude retrieval in the target region despite

the asphalt-induced attenuation.

Table 3.4: Comparative Analysis of SCR Improvement (dB) for Different Scenarios.

. Attention ) DC-MAMBA DC-MAMBA
Scenario CR-Net [10] UNet [11] DC-ViT [16] V1 V2
S1 0.31 0.27 1.48 5.60 9.22
S2 -0.26 0.74 7.98 2.78 12.20
S3 0.07 1.59 14.75 16.11 12.73

45



(a) (b) (c)

0 50 100 150 200 250 0 50 100 150 200 250
Scan Index Scan Index

(d) (e) ()

Norm. Energy
o o o =
> (2] © o

o
N

o
S}

0 50 100 150 200 250 0 50 100 150 200 250 0 50 100 150 200 250
Scan Index Scan Index Scan Index

Figure 3.7: Scenario 1 (S1). The sub-figures correspond to: (a) Raw Data, (b) CR-Net,
(c) Attention U-Net, (d) DC-VIiT, (e) DC-MAMBA V1, and (f) DC-MAMBA V2. The
corresponding SCR signal plots are presented below each B-scan image.
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Figure 3.8: Scenario 2 (S2). The sub-figures correspond to: (a) Raw Data, (b) CR-Net,
(c) Attention U-Net, (d) DC-VIiT, (e) DC-MAMBA V1, and (f) DC-MAMBA V2. The
corresponding SCR signal plots are presented below each B-scan image.
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Figure 3.9: Scenario 3 (S3). The sub-figures correspond to: (a) Raw Data, (b) CR-Net,
(c) Attention U-Net, (d) DC-VIiT, (e) DC-MAMBA V1, and (f) DC-MAMBA V2. The
corresponding SCR signal plots are presented below each B-scan image.
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4. CLUTTER REMOVAL AND TARGET DETECTION IN GPR DATA USING
THE PROPOSED JOINT MODELS (DEC-YOLO)& RAFDEC-YOLO)

4.1 Proposed Joint Models

GPR data used to detect subsurface targets is based on the reflection of electromagnetic
waves sent into the ground due to dielectric contrast and conductivity between different
media. The two-dimensional radargrams (B-scan images) obtained in this process are
modeled as data matrices containing spatial information in the lateral (x-axis) and depth
(v-axis) dimensions. A single B-scan image X can be mathematically expressed as
follows [9,16]:

X =X.+X, 4.1)

where X, represents the clutter components and X; represents the signals from the targets.
In practice, clutter (X,) caused by direct antenna coupling, surface reflections, antenna
resonance, and layers near heterogeneous surfaces often masks target signals (X;) and
reduces target detection accuracy. Therefore, clutter removal is crucial for effective

target detection.

4.1.1 Model I: dec-yolo

The first architecture performs both clutter reduction and target detection in each epoch
by jointly optimizing a clutter-reduction and a target-detection network with a single
loss function. Thus, the effect of clutter reduction on target detection can be directly
evaluated. The proposed hybrid architecture consists of two main modules, as shown
in Figure 4.1. The first module includes a deep learning-based image enhancement
network developed to produce a processed radargram output ()?t) by removing the clutter

components in the input radargrams.

X, = Fer(X; OcR), (4.2)
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where Fcr(-) represents the clutter removal process and Ocr represents the
corresponding network parameters. The second component includes an object detection
network that directly detects targets in the processed radargrams. At this stage, a
single-stage real-time object detection method such as YOLOvV12 has been preferred.

Thus, bounding boxes and class scores are produced from the processed radargram ()?,):

Y = Foer(X::; OpET).- (4.3)

In the proposed joint approach, clutter removal and target detection are performed
simultaneously and optimized using a joint loss function. The total loss function (L) is
a weighted combination of the clutter removal loss (Lcr) and the target detection loss
(LpET):

Liotal = AcrLer + AdetLdet 4.4)

Where A, and Age are parameters that adjust the relative importance of the two tasks
and are determined experimentally. Thanks to this structure, noise removal and target
detection performance are directly coupled, and the weights of both models are updated
simultaneously at each iteration. During the parameter update phase, each task is
updated simultaneously using optimization algorithms appropriate to its nature (e.g.,

SGD, Adam, AdamW):

Ocr < Ocr — NcrV ocg Ls (4.5)

OpET < ODET — NDET VY 6ppr L- (4.6)

This architecture allows optimizing both networks’ outputs within a single training
cycle and enables direct interaction between the noise-suppression and target-accuracy
processes. Unlike traditional sequential models, the proposed method achieves more
consistent performance by simultaneously addressing inter-network information transfer

and error backpropagation.

4.1.2 Model II: rafdec-yolo

In this study, as a second method, we propose RAFDeC-YOLO, a multi-task learning
framework designed to simultaneously suppress clutter in GPR B-scan images and

detect buried targets. As illustrated in Figure 4.2, RAFDeC-YOLO comprises a shared
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Figure 4.1: Workflow of the proposed DeC-YOLO. A raw GPR image is first fed into

the Clutter Removal Model, which produces a processed image. This processed image

is then processed by the Target Detection Module (e.g., YOLO) to identify and localize

buried targets. Both models are trained end-to-end within a joint architecture, enabling
parallel optimization of the two tasks to enhance accuracy.

backbone (encoder) for feature extraction, a Clutter Removal Branch (decoder) for
image reconstruction, and a Detection Branch for target localization. These two parallel
paths are interconnected by a streamlined ‘Neck-Fusion’ mechanism, Residual Adapter
Fusion, which efficiently integrates cleaned features from the decoder into the detection

neck.

4.1.2.1 Shared backbone: multi-scale feature extraction

The feature extraction module in the proposed architecture uses the YOLOvV12 backbone
to process the input GPR B-scan image I € RF*W*C in a hierarchical way. This
backbone includes C3k2 blocks for efficient gradient flow, which help turn raw radar
signals into useful features, and A2C2f (Attention-Based C2f) blocks for feature
selection. As data moves through these layers, the network creates feature maps
at different resolutions. These maps are collected using skip connections Sy,S,,53, and
S4 as shown in Figure

refjointOverall2, and the process ends with the output B,,; at the deepest point. This
pyramidal structure is meant to capture both the spectral and spatial features of the
GPR data at the same time. The shallow layers near the input (S; and $,) keep fine
texture details and high-frequency elements like random noise, while also preserving
high spatial resolution. This information is important for accurately finding the target’s
boundaries. In deeper layers (S4 and B,,), the network focuses on more abstract

information because of the larger receptive field. These layers help model large-scale
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Figure 4.2: The overall architecture of the proposed RAFDeC-YOLO framework. The
model features a streamlined design where the Clutter Removal Branch directly
leverages backbone features, and the Detection Branch is enhanced via Residual

Adapter Fusion modules.

clutter, such as soil layers, and identify the global hyperbolic patterns of buried targets.
By combining information from all these levels, the backbone gives the model both the

understanding needed to detect targets and the precision to locate them underground.

4.1.2.2 Clutter removal branch: decoder architecture

The clutter removal branch functions as a U-Net-style specialized decoder designed to
reconstruct a noise-free GPR image from compressed feature representations generated
by the encoder. The reconstruction process begins with the input of the deepest feature
map (B,,;) obtained from the backbone, which contains the most abstract semantic
information about the target. To keep the process efficient and maintain important
information, this high-level feature map goes through a 1 x 1 Convolution layer and
then Batch Normalization. The feature maps are then gradually restored in space using
a series of Attention-Based Up-Sampling Blocks. These blocks not only increase
spatial resolution layer by layer, but also selectively highlight target-related features and
suppress background noise through attention mechanisms. The process ends with a final

convolutional layer that converts the deep features back into the source image space.
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This produces a cleaned B-scan image in which clutter is removed and hyperbolic target

signatures are preserved.

Tdec Tkip

v, | v |

Tship Flok
¢ [(1 x 1 Conv + BN)] [(1 X ICorw+BN)]
Upsample Attention Gate ‘ — processed

Figure 4.3: Detailed architectures of the proposed sub-modules: a) The
Attention-Based Up-Sampling Block (AbUsB) is utilized in the decoder branch. It
mitigates noise propagation by filtering the skip-connection features (xg;,) with an

Attention Gate before concatenating them with the upsampled features (x,,) from the
preceding layer. b) Internal schematic of the Attention Gate mechanism. This module
computes a spatial attention map o by processing the gating signal (x;,.) and input
features (xg;p), suppressing clutter-related activations through element-wise
multiplication. ¢) The Residual Adapter Fusion module is integrated into the detection
neck. Instead of complex gating, this streamlined mechanism aligns the channel
dimensions of the decoder features (Fyecoqer) Using a 1 X 1 convolution and Batch
Normalization, then fuses them with the raw neck features (F;,..) via element-wise
addition to preserve gradient flow and feature magnitude.

4.1.2.3 Attention-based up-sampling block

In each upsampling step within the decoder, the proposed Attention-Based Upsampling
Block (AbUsB) is used (Figure 4.3-a). This block enhances standard skip connections
by adding an “Attention Gate” mechanism, as shown in Figure 4.3(b). The Attention
Gate takes two inputs: features from the deep decoder (x,,.) and skip connections from
the encoder (xg;p). First, both inputs are aligned to a common channel size via 1 x 1
convolutions and Batch Normalization (BN); these are performed by the W, and W,

processing blocks:

Xprocessed = BN(Convl x1 (xskip>) 4.7)

8 processed — BN(COHVl x1 (xdec)) 4.8)

The aligned features are summed and passed through a ReLLU activation. The resulting

map is then transformed by the y block (1 x 1 Conv + BN + Sigmoid) to produce
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spatial attention coefficients o € [0, 1]:

o0=0 ( II/(RCLU (x processed +8 processed ) ) ) (49)

These coefficients modulate the original skip connection via element-wise multiplication

to obtain denoised features (Xy;p):
xAskip = Xskip Oa (4.10)

This process suppresses regions dominated by clutter" (@ ~ 0) while preserving
hyperbolic signatures relevant to the target (& ~ 1). In parallel with the attention
mechanism, the feature map (x,..) from the deep layer is upsampled to match the spatial
resolution. Then, this upsampled map is concatenated with the filtered skip connection
(X5kip) In the channel dimension. In the final step, this combined feature set is passed
through a block comprising two consecutive 3 X 3 Convolution, Batch Normalization

(BN), and ReLLU activation layers to refine features in the decoder path.

4.1.2.4 Feature integration: residual adapter fusion

To transfer the denoised information to the detection task without disrupting the gradient
flow of the pre-trained backbone, we propose a robust Residual Adapter Fusion (RAF)
mechanism as shown in Figure 4.3(c). Unlike complex gating mechanisms that may
introduce optimization difficulties, this approach relies on the additive residual learning
principle, treating the cleaned features as a supportive signal to the raw backbone

features.

This mechanism is strategically integrated into the YOLOv12 Neck architecture at two
critical scales where clutter suppression is most beneficial. At the intermediate Scale
P4 (Layer 10), backbone features are fused with the u; feature map obtained from
the First Attention-Based Up-Sampling Block. This fusion is important for capturing
medium-sized hyperbolic signatures while minimizing noise. At Scale P3 (Layer 13),
which processes high-resolution features for small, near-surface targets, the detection
path is integrated with the u; output from the Second Attention-Based Up-Sampling

Block. This integration preserves spatial details and reduces the surface clutter.

Let F (1)

neck

let F(j)

decoder

represent the feature map from the Detection Branch (where i € {10,13}), and

represent the corresponding source feature map from the Clutter Removal
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Branch (j € {u;,u;}). The fusion process is executed in two sequential steps. First, a
channel adaptation step is performed to align the dimensions; since the channel depth

£

of the decoder outputs differs from the Neck features, Fy. ..

passes through a 1 x 1
convolutional adapter followed by Batch Normalization (BN), resulting in the aligned

feature map Fyjigneq as defined in Eq. (4.11):
Faligned = BN(COHV1 %1 (Fd(t{(zoder)) (41 1)

Subsequently, residual aggregation is applied, where the final fused feature map is

computed via element-wise addition as shown in Eq. (4.12):

Ffused = Fn(ézk + Faligned 4.12)

This additive fusion strategy functions as a residual connection, enabling the detection
head to utilize the original texture details from the backbone (Feck) While incorporating
explicit "denoising guidance" from the decoder branch (Fyigneq). This approach
maintains training stability and prevents the loss of weak target signatures that could be

over-smoothed by aggressive filtering.

4.1.3 Loss function

The proposed models (models 1 and 2) are trained using an end-to-end approach. The
total loss function (L) is @ weighted sum of the detection loss (Lge) and the denoising

loss (Lgeclutter) (Equation 4.13).

Ltotal = A«detLdet + A«declutterLdeclutter (4~ 13)

This multi-task training structure forces the shared backbone to learn more generalizable,
robust features that improve both tasks. The denoising task serves as self-supervised
regularization for the detection task. The network must learn not only the features
associated with the targets, but also the foundational physics and structure of the entire
GPR image (ground layers, clutter statistics, etc.). This integrated comprehension

improves performance on both tasks compared with training them separately.

4.2 Experimental Results of Joint Models
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In this section, we present the results of our proposed joint models (Model I), which
integrate YOLO12n with clutter-removal models such as Unet, CR-Net, Attention Unet,
and DC-ViT, and RAFDeC-YOLO (Model II). These models operate sequentially for
noise reduction and target detection, and we demonstrate that they perform as well
as, or better than, existing models such as SuperYOLO, ESRDTM-Det, and SOD.
In the experimental studies, the training hyperparameters and configurations of the
RAFDeC-YOLO variants proposed in the first section, as well as the parameters for
clutter-removal network architectures such as UNet, CR-Net, Attention-UNet, and
DC-ViT, are detailed. The hybrid dataset and real-world scenarios are described in the
Dataset section. Subsequently, the detection performance of these models is compared
under two training paradigms: the “Sequential” method, where clutter removal and
detection are performed independently, and the “Joint” approach, which uses end-to-end
multi-task learning. First, models trained on the Hybrid dataset were evaluated on a test

set drawn from the same dataset.

The hybrid ground-penetrating radar (GPR) dataset from [10] was used for both training
and validation. This dataset includes synthetic raw radargrams made with gprMax and
clutter-free target images, covering a wide range of dielectric properties for concrete
and soil. Out of 900 randomly chosen samples, 600 were used for training the network

and 300 for validation.

The model was also tested in real-world conditions, not only with synthetic data. Table
2.1 and Figure 2.5 provides more details and objectives for these experiments. In
this context, the practical applicability of the model has been verified through field
experiments conducted on objects such as rebar and water-filled PET bottles with low
dielectric properties, as well as plastic-metal composite objects (e.g., cell phones) buried

in complex asphalt layers.

Quantitative assessments were performed using standard object detection metrics,
including Precision, Recall, and mAP@0.5 and mAP@0.5:0.95, as well as model
complexity metrics such as FLOPs and parameter count. In addition, visual analysis was

performed on some of these test results. In the final stage of the study, comparisons were
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made using real data obtained from laboratory measurements to test the generalizability

of the proposed approach under challenging real-world conditions.

4.2.1 Selection of model parameters

In Model 1, the first method we propose, the UNet architecture used 64, 128, 256,
and 512 channels in the encoder/decoder layers, respectively, and 1,024 channels
in the bottleneck layer. ReLU activation and BatchNorm layers were preferred
in all convolutional blocks, and upsampling stages were performed using bilinear
interpolation. The same parameters as in [10] were used for CR-Net. In the DC-ViT
architecture, a 4 x 4 patch size and a 128-dimensional embedding vector were used, as
in [16]. The parameters from [11] were also selected for Attention Unet. The YOLO12
nano model used in the target detection phase was run with depth-width scales of
0.33/0.25. Detector headers were placed on P3—P5 scales, and connection sets were
automatically generated. The relative weights of the box, class, and Distribution Focus
Loss terms in the loss function were set to 7.5, 0.5, and 1.5, respectively. In Model
II (RAFDeC-YOLO), the standard YOLO12 model was used (n/s/m). In the Clutter
Removal Branch, the channel counts were selected as 512, 256, 128, and 64. All models
were trained for 100 epochs under AdamW optimization with a learning rate of 1 x 10~*

and a weight decay of 1 x 1072

4.2.2 Results on hybrid test data

To validate the efficacy of the proposed frameworks and benchmark them against
sequential models and state-of-the-art (SOTA) methods (e.g., SuperYOLO, ESRTMDet,
and SOD), extensive experiments were conducted on the hybrid test dataset. The
evaluation is twofold: a comparative analysis of detection performance under different

training paradigms and an assessment of computational efficiency.
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Figure 4.4: Qualitative detection results on Hybrid Dataset (Sample 1) (Moderate
Clutter). (a) Raw Input, (b) Ground Truth. Sequential Models with: (c) UNet, (d)
CR-Net, (e) Att-UNet, (f) DC-ViT. Proposed Model I DeC-YOLO with (g) UNet, (h)
CR-Net, (i) Att-UNet, (j) DC-VIT structure as clutter removal module. SOTA
Detectors: (k) SuperYOLO, (1) ESRTMDet, (m) SOD. Proposed Model II (n)
RAFDeC-YOLOI12n, (0) RAFDeC-YOLO12s, (p) RAFDeC-YOLO12m. The
proposed methods (n-p) exhibit the highest confidence and localization precision.

58



(a) (b) (c) (d)

(e) (f) (9) (h)

(k)

(m) (n) (o) (p)

Figure 4.5: Qualitative detection results on Hybrid Dataset (Sample 2) (Heavy Clutter /
Weak Targets). (a) Raw Input, (b) Ground Truth. Sequential Models with: (c) UNet,
(d) CR-Net, (e) Att-UNet, (f) DC-ViT. Proposed Model I DeC-YOLO with (g) UNet,
(h) CR-Net, (i) Att-UNet, (j) DC-VIT structure as clutter removal module. SOTA
Detectors: (k) SuperYOLO, (1) ESRTMDet, (m) SOD. Proposed Model II (n)
RAFDeC-YOLO12n, (0) RAFDeC-YOLOI12s, (p) RAFDeC-YOLO12m. While many
baselines fail to detect the weak target on the right, RAFDeC-YOLO12m (p)
successfully localizes it with high confidence.
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Table 4.2: Model complexity metrics (FLOPs, Parameters) (Lower value is better ({.)).
Best results are in bold.

Model FLOPs (G) | Parameters (M) |
DeC-YOLO with UNet 690.8 33.60
DeC-YOLO with CR-Net 421.2 15.05
DeC-YOLO with Attention-UNet 683.8 35.00
DeC-YOLO with DC-ViT 565.1 26.82
SuperYOLO [43] 68.1 4.93
ESRTMDet [44] 128.6 7.68
SOD [60] 68.8 5.19
RAFDeC-YOLOn 38.7 5.56
RAFDeC-YOLOs 55.1 12.59
RAFDeC-YOLOm 103.4 23.78

Table 4.1 presents a quantitative comparison of RAFDeC-YOLO with recent
clutter-removal and detection networks under "Sequential" and "Joint" training strategies.
The results unequivocally demonstrate the superiority of the Joint Learning paradigm,
as all baseline models (e.g., UNet, CR-Net) achieved significantly higher detection
metrics when trained jointly rather than sequentially. This validates our hypothesis that
end-to-end optimization enables the clutter-removal branch to learn more discriminative

features for the detection task.

Among the evaluated models, the proposed RAFDeC-YOLO12m variant achieved
state-of-the-art results across all key metrics. In terms of detection confidence,
RAFDeC-YOLO12m exhibited a 5.2% increase in Precision and a 7.3% increase
in Recall compared to the leading SOTA method, SOD. Regarding general detection
accuracy (mAP@0.5), the proposed model surpassed SOD by approximately 13.9%
and outperformed the domain-specific SuperYOLO architecture by nearly 16%.
RAFDeC-YOLOI12m showed a 25.8% improvement over SOD and more than 29%
over SuperYOLO in the strict localization metric (mAP@0.5:0.95). Our model also
outperformed SuperYOLO and SOD across all main metrics, demonstrating that the

Residual Adapter Fusion mechanism works well.

Figure 4.4 and Figure 4.5 provide a visual comparison between our RAFDeC-YOLO

models, standard detectors, and sequential training baselines.

61



The results from Sample 1, obtained from the hybrid dataset, are shown in Figure
4.4. Here, it can be seen that sequential models (c-f) and state-of-the-art detectors
such as SuperYOLO and ESRTMDet generally locate targets correctly. Our proposed
RAFDeC-YOLO12 demonstrated superior performance by accurately determining the
full extent of hyperbolas without misclassification and with higher confidence scores
(> 0.95). These results show that the Residual Adapter Fusion mechanism plays an
important role in preserving the spatial information necessary for accurate localization.
Figure 4.5 shows the test results performed in Sample 2. In this scenario, the baseline
models (c-f) also exhibit significant issues, including high false-negative rates and an
inability to reliably distinguish real targets from a noisy background. In contrast, the
RAFDeC-YOLO variants (n-p) successfully detected these targets where other methods
failed. This improved performance can be attributed to the integration of a specialized
denoising branch that pre-processes the signal before feature fusion, enabling the

detection head to identify real targets more consistently.

Although detection accuracy is essential, real-time computational performance is
equally important for practical GPR applications in field settings. Table 4.2 details
the computational requirements and highlights significant efficiency advantages. The
RAFDeC-YOLOn (Nano) model achieves notable computational efficiency at 38.7
GFLOPs. Compared to existing methods, this model reduces computational overhead
by approximately 43% relative to SuperYOLO (68.1 G) and by 70% compared to
ESRTMDet (128.6 G), making it particularly suitable for deployment on edge devices
with limited power resources. For scenarios prioritizing maximum detection accuracy
over computational constraints, the RAFDeC-YOLOm (Medium) variant offers optimal
detection performance at 103.4 GFLOPs, providing adaptable options for diverse

operational requirements.

4.2.3 Results on real test data

The generalization capability and clutter robustness of the proposed RAFDeC-YOLO
architecture were evaluated under real-world conditions through comprehensive
laboratory tests. The experimental scenarios encompassed various material types,

including metal and dielectric, multiple depths, and challenging surface clutter such as
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(k) n (m) (n) (o)

Figure 4.6: Detection results on Real Scenario 1 (Mobile Phone & PET Bottle). (a)
Raw Input. Sequential Models with: (b) UNet, (c) CR-Net, (d) Att-UNet, (e¢) DC-ViT.
Proposed Model I with (f) UNet, (g) CR-Net, (h) Att-UNet, (i) DC-ViT as clutter
removal module. SOTA: (j) SuperYOLO, (k) ESRTMDet, (1) SOD. Proposed Model
II: (m) RAFDeC-YOLOI12n, (n) RAFDeC-YOLO12s, (0) RAFDeC-YOLO12m. Note
that the proposed models (m-0) successfully detect the weak dielectric PET bottle.

asphalt. The obtained numerical detection results are summarized in Table 4.3, while
qualitative visual comparisons are presented in Figures 4.6, 4.7, and 4.8. Quantitative
analysis reveals a dramatic performance gap between the proposed method and existing
approaches. Table 4.3 shows that models with sequential training strategies (UNet,
CR-Net, DC-VIT, etc.) perform relatively poorly on real data. In particular, the failure of
CR-Net and DC-ViT models to achieve high scores in the sequential mode indicates that
the disconnect between the clutter-removal and detection networks leads to information
loss in complex real-world data. In contrast, when switching to the Joint training
strategy proposed as Model I, significant performance improvements were observed

across all models.
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Figure 4.7: Detection results on Real Scenario 2 (Mobile Phone & Rebar). (a) Raw
Input. Sequential Models with: (b) UNet, (c) CR-Net, (d) Att-UNet, (e) DC-ViT.
Proposed Model I with (f) UNet, (g) CR-Net, (h) Att-UNet, (i) DC-ViT as clutter

removal module. SOTA: (j) SuperYOLO, (k) ESRTMDet, (1) SOD. Proposed Model
II: (m) RAFDeC-YOLOI12n, (n) RAFDeC-YOLO12s, (0) RAFDeC-YOLO12m. The
proposed method effectively separates the strong pipe reflection from surface clutter.



(c)

(k) (m) (n) (o)

Figure 4.8: Detection results on Real Scenario 3 (Asphalt Surface). (a) Raw Input.
Sequential Models with: (b) UNet, (c) CR-Net, (d) Att-UNet, (e¢) DC-ViT. Proposed
Model I with (f) UNet, (g) CR-Net, (h) Att-UNet, (i) DC-VIiT as clutter removal
module. SOTA: (j) SuperYOLO, (k) ESRTMDet, (1) SOD. Proposed Model II: (m)
RAFDeC-YOLO12n, (n) RAFDeC-YOLO12s, (0) RAFDeC-YOLO12m. Despite
heavy clutter caused by the asphalt layer, RAFDeC-YOLO12m (o) successfully
identifies the buried targets.
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In the proposed Model 2, the RAFDeC-YOLO12m model achieved the highest accuracy
and localization precision among all tested methods. In terms of localization precision
(mAP@0.5:0.95), RAFDeC-YOLO12m achieved an impressive 87.5% improvement
over its nearest competitor, SOD, demonstrating superior robustness against domain
shifts. Similarly, for the mAP@0.5 metric, the proposed model outperformed SOD by
approximately 67.5%. When analyzing individual detection metrics, although SOD
achieved a high Precision score comparable to our model, its Recall was 50% lower
than that of RAFDeC-YOLO12m. This indicates that, although the competitor missed
half of the targets, the proposed RAFDeC-YOLO12m successfully identified all buried

objects with no false negatives.

The visual results (Figures 4.6-4.8) corroborate these numerical findings. In the figures,
red boxes indicate reference (ground truth) targets, while green boxes indicate model
predictions. The detection of the water-filled PET bottle with weak reflection in Scenario
1, shown in Figure 4.6, was challenging for most models. While sequential models and
ESRTMDet (k) completely missed this target, RAFDeC-YOLO12m (o) successfully
detected the weak dielectric target and assigned it a high confidence score, thanks to its
integrated clutter-removal capability. Scenario 2, featuring a rebar and a cell phone, is
shown in Figure 4.7. In this scenario, while models such as DC-ViT (i) and SOD (1)
successfully found the targets, the bounding boxes did not fully enclose them or were
fragmented. The proposed RAFDeC-YOLO variations (m-o), especially the Medium
model, visually supported the high mAP@0.5:0.95 score by producing tight and precise
boxes that also included the hyperbolic arms of the targets. In the third scenario,
shown in Figure 4.8, which is the most challenging test, the asphalt-under scenario,
the raw data (a) contains intense clutter remains. Most sequential models (b-e) lost the
targets or made incorrect detections in this clutter. RAFDeC-YOLO12m (o), however,
successfully distinguished even deep targets by filtering out asphalt-induced clutter
thanks to the Residual Adapter Fusion mechanism. In conclusion, both quantitative
metrics and visual analyses demonstrate that the proposed RAFDeC-YOLO architecture
offers more reliable, accurate, and clutter-resistant detection performance than existing

methods, especially in complex, noisy real-world conditions.
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5. CONCLUSION

The thesis has developed new Deep Learning designs to address the main problems of
removing unwanted signals and detecting hidden objects in GPR data. By going beyond
the limits of older signal processing methods and basic CNN-based approaches, the
thesis has introduced a set of improved methods that significantly enhance underground
imaging and target detection. The main achievements of the thesis are listed below,

grouped by the specific design changes and their effects.

The first main achievement of the thesis is the development of an unsupervised AE-LRA.
This approach was developed to address the problems of LRSD methods, which require
extensive manual adjustments and often cannot handle various types of unwanted
signals. By using an autoencoder, the AE-LRA method, which learns clutter patterns
without training, eliminates the need for parameter adjustment. The results also show

that the proposed method outperforms traditional matrix separation methods.

The thesis introduced DC-ViT, an unsupervised approach to overcome the limited
field-of-view problem in traditional CNNs. While CNNs struggle to capture long-range
dependencies, DC-ViT effectively captures broader context across the entire GPR image
via its self-attention mechanism. Additionally, a LeFF was added to the model to
prevent the loss of small details that can occur in Transformers. This combined design,
which handles both large, complex patterns and small target features, provided much
better image quality than standard deep learning models and preserved important target

shapes.

Although transformer-based models achieve better results than CNNs, their high
computational requirements can pose challenges for real-time applications. To overcome
this, the thesis proposes a DC-MAMBA design based on State-Space Models for GPR.
This new approach enables much more efficient processing of long-range connections
in time-depth data using less computational power. DC-MAMBA V2 has significantly

reduced the number of parameters and computational cost by using Tensor-Train
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decomposition. This lighter design makes the model much smaller while also effectively
eliminating complexity, making it a good choice for GPR systems with limited resources.
DC-MAMBA models have proven their ability to detect difficult target signals that even

other advanced models cannot find.

One of the most important contributions of this thesis is the proposal of the
RAFDeC-YOLO architecture, a joint learning framework for clutter removal and target
detection in GPR. Unlike traditional sequential methods that treat clutter removal
and object detection as independent tasks, RAFDeC-YOLO optimizes both processes
simultaneously within a single end-to-end trainable network. With the proposed
Residual Adapter Fusion mechanism, features from the clutter-removal branch are
transferred to the neck of the target detection network. This allows the target detection
network to detect features in decluttered images, thereby improving target detection
performance. This holistic approach has enabled the model to outperform even the
most advanced sensors and sequential basis values, particularly in consistently detecting
weak and deeply embedded targets. Furthermore, the developed “Nano” variant of this
architecture offers a highly efficient solution providing real-time operation suitable for

field applications.

In conclusion, the thesis has successfully bridged the gap between advanced deep
learning technologies—such as Vision Transformers and State Space Models—and
GPR signal processing. By addressing critical issues related to parameter dependency,
global context modeling, and computational efficiency, the proposed methods have
significantly advanced the state of the art. The developed joint frameworks not only
enhance the visual quality of GPR images but also provide robust, real-time automated
detection capabilities, making a substantial contribution to the practical use of GPR in

modern engineering and geophysical applications.

Future research will focus on using these designs for C-Scan GPR data, improving their
performance across different soil types, and testing faster versions of the lightweight

models on specialized embedded systems to enable their use in commercial devices.
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