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Abstract 

Automated subsurface utility detection systems in construction rely heavily on the quality of ground-penetrating radar (GPR) pro-
files, which are often degraded by high-amplitude horizontal interference. Existing low-rank decomposition methods lack the intelligence 
and flexibility required for multi-site data processing and involve labor-intensive parameter tuning, impeding their integration into intel-
ligent construction workflows. To address these challenges, this paper proposes a horizontal interference suppression algorithm based on 
a diffusion model, termed GPR-HIDiff. The proposed model replaces conventional sequential convolutional operators with ResBlocks 
throughout the encoder, intermediate layer, and decoder of the UNet architecture, enhancing training stability. Lightweight agent atten-
tion modules are embedded between ResBlocks at each level to improve global information modeling capability. A spatial attention 
mechanism is deployed between the encoder and decoder to achieve adaptive spatial feature optimization. Furthermore, the forward dif-
fusion phase adopts a co hedule-based strategy to ensure a smooth temporal variation of noise variance. A standardized dataset com-
prising real-world measured samples and finite difference time domain simulation samples of urban road models has also been
constructed. The effectiveness of the hybrid dataset, the introduced modules, the robustness analysis, and the co hedule is validated
through training with single/mixed datasets, ablation studies, evaluation of metric variations before and after the introduction of different
noise levels, and comparative experiments with constant, linear, and co hedules. Experimental results demonstrate that GPR-HIDiff
significantly outperforms both traditional methods and state-of-the-art deep learning models on both simulated and real-world test sam-
ples. It effectively suppresses horizontal artifacts, preserves target hyperbolic contours, and avoids excessive reduction of target scatter-
ing, showcasing its exceptional performance. This method provides a powerful algorithmic foundation for high-resolution GPR imaging
and target detection.
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1 Intr oduction

In ground-penetrating radar (GPR) profiles, horizontal 
interference is an unavoidable type of noise present in all 
types of GPR data. It degrades the quality of the high-
resolution images provided by the GPR system and mainly
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originates from the electronic design of the radar antenna, 
impedance mismat ches between the antenna and the
ground, or multiple reflections of electromagnetic waves
between subsurface interfaces (Atef & Rashed, 2023). 
Given the growing applications of GPR in various fields 
and the continuous development of automatic GPR target 
detection techniques, it is necessary to propose an effective
method to suppress such interference. Horizontal interfer-
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fluctuating characteristics that may obscure the true hyper-
bolic or inclined features of subsurface targets. Therefore, 
developing an intelligent and effective method for suppress-
ing horizontal interference would provide important algo-
rithmic support for emerging automatic GPR target
detection techniques.

In recent years, conventional data processing methods 
have made significant progress in suppressing horizontal 
interference in GPR profiles. Researchers have proposed 
various approaches to effectively separat e and remove the
low-rank horizontal components in GPR profiles, such as
principal component analysis (PCA) (Marukatat, 2023), 
robust principal component analysis (RPCA) (Li et al.,
2019), nonnegative matrix factorization (NMF) (Wang & 
Zhang, 2013), and go decom position (GoDec) (Guo 
et al., 2018). However, these conventional methods do 
not always yield satisfactory results. On the one hand, they 
have limitations that hinder compatibility with all types of 
GPR data; on the other hand, these methods often rely on
expert-driven subjective design and parameter tuning based
on radar echo features, resulting in a low level of
automation.

To further enhance the effectiveness of horizontal inter-
ference suppression and improve the intelligence of the 
method, this study focuses on deep learning techniques.
Among them, generative adversarial networks (GANs)
(Ledig et al., 2017) have been applied to restore visually 
realistic details. Such methods leverage adversarial opti-
mization between a generator and a discriminator to 
encourage the generator to produce more realistic images.
Generally, GANs require carefully designed auxiliary loss
functions (e.g., perceptual loss (Wang et al., 2018) and gra-
dient loss (Ma et al., 2022) to optimize distances in the fea-
ture domain. Although GANs can generate rich details, 
their training often suffers from instability and is prone
to mode collapse, resulting in undesirable artifacts.

The task of horizontal interference suppression in GPR 
profiles using deep learning falls within the domain of ‘‘im-
age restoration.” Recently, diffusion models have demon-
strated outstanding performance in various image
generation tasks. Their fundamental principle is to model
the diffusion process and learn its reverse process (Sohl-
Dickstein et al., 2015; Ho et al., 2020; Song & Ermon,
2019; Song et al., 2020; Romba ch et al., 2022; Rissanen
et al., 2023). Based on various existing diffusi on model
frameworks (Yang et al., 2023), this study adopts a diffu-
sion model based on stochastic differential equations 
(SDEs). The method gradually diffuses the image to a pure 
noise distribution via SDEs and then generates samples by
learning and simulating the corresponding reverse-time
SDE (Anderson, 1982). The core lies in training a neural 
network to estimate the gradient field of the noisy data dis-
tribution, i.e., the score function (Song & Ermon, 2019). In 
current diffusion model training, most networks are based 
on UNet variants, which lack deep er architectural
innovations in feature extraction and context modeling.
(1)

tion during the forward diffusion phase.
(2)

dataset.
(3)

model frameworks.

Meanwhile, in deep learning models for horizontal interfer-
ence suppression in GPR profiles, existing methods often 
suffer from insufficient noise resistance and excessive loss
of target reflection energy.

This paper proposes the ground penetrating radar-
horizontal interference diffusion model (GPR-HIDiff), an 
innovative diffusion-based approach designed to suppress 
horizontal low-rank components in GPR profiles. Leverag-
ing the fundamental principle of diffusion models, which 
progressively add noise to transform the original data dis-
tribution into a Gaussian distribution and then perform 
stepwise denoising through a learned reverse diffusion pro-
cess, GPR-HI Diff effectively removes horizontal interfer-
ence while preserving key signal features. This results in
enhanced GPR image quality and facilitates more accurate
and reliable interpretation of subsurface structures. Specif-
ically, the main contributions of this paper are as follows:

GPR-HIDiff is a generative model designed for GPR 
horizontal interference suppression. Its core compo-
nents include: replacing double convolution units 
wi th ResBlocks throughout UNet to enhance training
stability; introducing agent attention modules (Han 
et al., 2024) with residual connections between Res-
Blocks to strengthen global modeling while reducing 
computational cost; integrating a spatial attention 
module in the intermediate layer to adaptively opti-
mize features and improve interference suppression;
and employing a cosine schedule to guide noise addi-

A dataset targeting GPR horizontal interference has 
been constructed, consisting of both real-world and 
simulated data. For simulation, a numerical model 
of urban roadbeds based on real structures is first
established, followed by forward modeling using
finite difference time domain (FDTD) to expand the

Whether on simulated or real samples, the proposed 
GPR-HIDiff outperforms advanced image restora-
tion methods in deep learning as well as traditional 
horizontal interference suppression algori thms in
conventional GPR data processing, offering a new
perspective for exploring more efficient diffusion

Although this study primarily focuses on suppressing 
horizontal interference in GPR profiles, the GPR-HIDiff 
framework possesses no theoretical limitations on its gen-
eral applicability. Its practical performance is determined 
by the interference characteristics of the target task, and 
it can effectively handle various typical interference pat-
terns, including vertical striping noise, strong oscillatory
interference induced by metallic media, as well as Gaus-
sian, Poisson, and salt-and-pepper noise. The framework’s
design demonstrates promising transferability for broader
GPR applications.
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The remainder of this paper is organized as follows.
Section 2 reviews conventional processing algorithms and 
recent advances in image restoratio n using GANs and dif-
fusion models. Section 3 introduces some preliminaries of 
the diffusion process. Section 4 describes the implementa-
tion details of GPR-HIDiff. Section 5 presents experiments 
and analysis. Section 6 concludes the pa per.

2 Related work

2.1 Conventional processing methods

Over the past few decades, various methods have been 
proposed and tested to suppress horizontal interference in 
GPR data, achieving varying degrees of success. Among
them, the earliest and most traditional method is mean
scan subtraction (Nobes, 19 99). However, this conven-
tional horizontal interference removal approach does not 
always yield satisfactory results. Consequently, over the 
past 20 years, many horizonta l interference suppression
techniques have been successively introduced and exten-
sively tested. For example, Zhou and Tao (2011) proposed 
GoDec, which offers a more refined decomposition of the 
original signal matrix and replaces the continuous singular 
value decomposi tion operations with bilateral random pro-
jections, achieving higher efficiency compared to RPCA.
Song et al. (2019) proposed a pre-screening method for 
GPR-based anti-personnel mine detection based on 
GoDec. This method first uses the GoDec algorithm to 
extract landmine imag es and then applies thresholding
for target detection, effectively reducing the probability of
false alarms. Kumlu and Erer (2018) studied the cost func-
tion of NMF and employed peak signal-to-noise ratio 
(PSNR) and structural similarity index measure (SSIM) 
to objectively evaluate the interfer ence-suppressed images.
The results showed that NMF with Kullback–Leibler
(KL) divergence performs better.

The performance of the aforementioned methods largely 
depends on the selection of key parameters (e.g., rank con-
straints, sparsity thresholds, and regularization coeffi-
cients). These parameters are typically determined 
empirically, making it difficult to adapt optimally to the 
processing requirements of different GPR datasets. To
address this limitation, numerous studies have integrated
swarm intelligence optimization algorithms—such as
genetic algorithm (GA) optimization, the grey wolf opti-
mizer, and particle swarm optimization (He et al., 2021;
Liu et al., 2024a;  B  . Liu et al., 2022a;  B  . Liu et al.,
2022b;  S  . Liu et al., 2022; Xia et al., 2023)—with conven-
tional signal processing techniques to adaptively optimize 
parameter configurations, thereby significantly improving 
signal processing accuracy. Nevertheless, it should be 
emphasized that conventional signal processing methods 
are inherently designed for specific types of interference,
a characteristic that inevitably limits their generalization
capability when confronted with complex and dynamically
changing real-world detection scenarios.
2.2 GAN-based models

To improve automation and visual quality, GAN-based 
image restoration methods introduce refined auxiliary 
losses to guide the network in generating more realistic
results. For instance, Ledig et al. (2017) first proposed 
the perceptual loss, which calculates the feature distance 
between the restored image and the real image in the visual
geometry group feature space (Simonyan & Zi sserman,
2014). Mao et al. (2017) proposed the least squares gener-
ative adversarial networks (LSGANs), which use a least 
squares loss function for the discriminator. Two compara-
tive experiments between LSGANs and conven tional
GANs were also conducted to demonstrate the stability
of LSGANs. To further improve training stability, Wang 
et al. (2018) introduced an enhanced super-resolution gen-
erative adversarial network, which removes batch normal-
ization while adjusting the discriminator constraint to 
avoid artifact generation. Although GANs can signifi-
cantly enhance visual quality, their optimization process
is often challenging. Moreover, balancing among elabo-
rately designed loss functions typically requires cumber-
some techniques (Xiao et al., 2024). In contrast, the 
proposed GPR-HIDiff benefits from a clearly defined diffu-
sion process, providing a stable training procedure.
2.3 Diffusion-based model s

In recent years, numerous generative models based on 
diffusion mechanisms have been propo sed, including the
diffusion probabilistic model (DPM) (Sohl-Dickstein 
et al., 2015), conditional score-based diffu sion model
(Batzolis et al., 2021), and the denoising diffusion proba-
bilistic model (DDPM) (Ho et al., 2020). 

In 2015 , Sohl-Dickstein et al. (2015) introduced DPM, 
which gradually corrupts the structure of the data distribu-
tion through a forward diffusion process and then recon-
structs it by learning the reverse diffusion process,
resulting in a highly flexible and tractable data generation
model. Subsequently, Ho et al. (2020) proposed DDPM 
and demonstrated that diffusion models are capable of gen-
erating high-quality samples. The diffusion probabilistic 
model is a parameterized Markov chain that can be trained 
via variational inference. In particular, DDPM has shown 
strong performance in producing high-quality samples and
has thus been widely applied in various tasks such as image
colorization, super-resolution, inpainting, and semantic
editing.

There have been only a few cases applying diffusion 
models to GPR data processing. For instance, Lan 
et al. (2024) used low-frequency images with inserted clut-
ter as prior knowledge input to fit the Gaussian-
distribut ed clutter in the forward process of the diffusion
model. Huang et al. (2025) enhanced the robustness of 
GPR inversion by gradually adding and removing noise
using the diffusion model. They also integrated
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UNet++, vision transformer (ViT) structures, and a simple 
attention module during the reverse generation process to 
improve multi-scale feature extraction and contextual 
understanding, thereby achieving high-accuracy dielectric 
constant inversion. However, current research applying dif-
fusion models to GPR data processing is extremely limited, 
particularly in suppressing horizontal interference. More-
over, most existing diffusion model architectures are rela-
tively simple, limiting their capacity to extract features
from complexGPR signals. As a result, they struggle to fully
capture deep contextual information and multi-scale fea-
tures, thus hindering the effective separation of target echoes
and interference.
2.4 Summ ary

In summary, GANs and variational autoencoders
(VAEs) (Rezende et al., 2014) represent two of the most 
prominent frameworks in generative modeling. GANs are 
capable of rapidly producing high-quality GPR samples; 
however, they suffer from limited mode coverage and insuf-
ficient sampling diversity. A common drawbac k of GANs
lies in their unstable training dynamics, which can lead to
issues such as mode collapse, vanishing gradients, and con-
vergence issues (Wiatrak et al., 2019). In contrast, while 
VAEs offer superior mode coverage, they inherently tend 
to generate GPR samples of relatively low quality. VAEs 
optimize the log-likelihood of the data by maximizing the
evidence lower bound. Despite notable progress, their per-
formance remains unsatisfactory due to challenges such as
the balancing problem (Davidson et al., 2018) and the phe-
nomenon of variable collapse (Asperti, 2019). Diffusion 
models, on the other hand, are a powerful class of proba-
bilistic generative models designed to learn complex data 
distributions. In the forward diffusion process, noise is pro-
gressively added to the input data, increasing its level until 
the data are transformed into pure Gaussian noise, thereby 
systematically disrupting the structure of the original distri-
bution. The reverse diffusion process is then applied to 
recover the original structure from the perturbed distribu-
tion, effectively mitigating the degradation introduced dur-
ing forward diffusion. As a result, diffusion models
constitute a highly flexible and tractable generative frame-
work capable of accurately modeling complex GPR data
distributions from random noise (Kazerouni et al., 2023). 

Considering the complex physical laws in GPR signal 
propagation and interference formation, future research 
could incorporate Maxwell’s equations as physical con-
straints into model training, using architectur es such as dif-
fusion models to accelerate the solution of electromagnetic
field partial differential equations (Thombre et al., 2025;
Wang et al., 2024, 2025, 2022), thereby enabling precise 
characterization of underground electromagnetic wave 
propagation for efficient modeling of complex physical 
processes and enhanced suppression of horizontal interfer-
ence components.
3 Preli minary

3.1 Forward diffusion process

The goal of the forward diffusion process is to gradually 
convert the initial data distribution into a noisy image 

at time step We define the high-resolution image 
as Therefore, can be approximately repre-

sented as a combinat ion of a low-resolution image and

pure Gaussian noise wher denotes the

stationary variance. This paper adopts mean-reverting
SDEs (Luo et al., 2023) to define the diffusion process, as 
this approach can improve sampling efficiency. Specifically, 
the forward diffusion process is expressed as follows:

T
0 . TR

N 0 k2 , 2

x 0 
x T . 

x xIH 
l 

e e k 

dx ht l x dt r tdw 1

where are two time-dependent parameters that con-
trol the speed of mean reversion and stochastic volatili ty.

refers to a standard Wiener process. To make Eq. (1) 
have a closed-form solution, we se = 2 As illus-

trated in Fig. 1, given the HR imag an 
the corresponding state at any intermediate ti 
can be strictly represented by the closed-form solution of
Eq. (1). 
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Gaussian probability distribution which is expressed 
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where and are 
the mean and variance of this Gaussian distribution, 
respectively. It can be readily observed that as the diffusion 
time , and will converge to d espectively, 
i.e., the terminal state satisfies which aligns 
with the objective of the forward diffusion process.

x l x 0 l e ht k2 1 e 2ht
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x  

In the forward diffusion process, a cosine-based noise 
variance schedule based on the cosine function is employed 
to achieve a smooth temporal transition, as detailed in the
following equation (Nichol & Dhariwal, 2021): 

ht 1 
f  t  
f 0 

f  t cos 
t
T s
1 s

p
2

2

4

where s = 0.008, the same as that in (Nichol & Dh ariwal,
2021). Once the unction is determined, the correspond-
ing diffusion coefficient can be computed from the fol-

lowing stationary condition: =2ht

fh 
rt 

k2 .r2 
t 

3.2 Reverse diffusion process

The reverse diffusion process aims to recover the HR 
image from the terminal stat We can define the 
reverse diffusion process by simulating the reverse-time
SDE as follows:

x T .e

move_f0005
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Fig. 1. Overarching framework for horizontal interference suppression.
dx ht l x r2 
t xln pt x d t rtdw 5

where denotes the reverse-time Wiener process, and 
is the ground-truth score during the inference 

phase. It is important to note that during the training 
phase, the true image is known, so more reliable con-
ditional scores can be used to train the model. Specifically,
it can be defined by

lnpt x
w 

x 

x 0 

xln pt x x 0 x  t  mt x
vt

6

eIn addition, we reparameteriz to x  t mt x 
vt t, where s a standard Gaussian noise with the distri-

bution The ‘ in represents the identity 
matrix. The ground-truth score can be represented as 

Since and are known, we only need to use

a noise prediction network to estimate the noise.

x t

0 I . 0 I

t
vt
. x

it 
N N”‘I 

vtmt 

/ 
Similar to DPM, we compute the Euclidean distance 

between the predicted noise and the true no using
the following formula:

tise 

L / 
T 

t 0 
ctE / x t l t t 7

where denotes the positive weight.ct 
4 Proposed method

The overall research framework shown in Fig. 1 inte-
grates multi-source datasets from both field GPR measure-
ments and FDTD numerical simulations, employing a 
novel diffusion model to train the dataset for suppressing 
low-rank horizontal interference in GPR profiles, and
demonstrating the framework’s advancement through
comparative algorithm analysis and experimental
validation.

4.1 Overview of the GPR-H IDiff framework

Figure 2 illustrates the detailed flowchart of the pro-
posed GPR-HIDiff. This study adopts a conditional UNet 
architecture, where the input consists of the noisy image 

and By computing and concatenating it as 
the enriched conditio into the network input, the 
network’s ability to percei ve noise patterns is enhanced.
Furthermore, the proposed network replaces the conven-
tional sequential convolution units of UNet with Res-
Blocks at a global scale (as shown in Fig. 3), which helps 
improve deep information transmission and alleviates the 
gradient vanishing problem. In addition, an agent attention

t t
t

l. −lx x  
n I

move_f0010
move_f0015
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Fig. 2. Overall framework of GPR-HIDiff.

Fig. 3. Internal structure of the ResBlock module.
module is inserted between each ResBlock layer, and a spa-
tial attention module is added between the encoder and 
decoder. Subsequently, the time-dependent netwo
takes the external condition nd time inputs, aiming

to predict the output pure noise

/rk 
astaI t 

t: 

t / I t t 8

Here, the study proposes a half instance normalization 
network (HINet) for noise prediction. Finally, is opti-
mized until convergence.

/ 
4.2 Linear atte ntion module

Most previous methods typically construct the layers of 
UNet by simply stacking consecutive convolutional units. 
However, this approach may limit the ability to model glo-
bal information, thereby affecting reconstruction quality. 
In this work, an agent attention module with residual con-
nections is introduced between ResBlocks at each layer to
enhance the capacity for global information capture. At
the same time, this module has low computational com-
plexity, making it more efficient for high-resolution GPR
data processing.

Recent studies have found that using the Softmax func-
tion in self-attention computations forces pairwise calcula-
tions between all queries and keys, resulting in a 
computa tional complexity as high as o To address this
issue, linear attention adopts simple activation functions
(Katharopoulos et al., 2020; Shen et al., 2021) or specific 
mapping functions (Choromanski et al., 2020; Lu et al.,
2021) to approximate the original Softmax mech anism.
As shown in Fig. 4(a) and (b), linear attention adjusts the 
computation order from (query × key) × value to query 
× (key × value), thereby reducing the overall complexity
to and significantly improving computational
efficiency.

(n2 . 

o(n

move_f0020
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Fig. 4. Difference among Softmax attention, linear attention, and agent attention.
In this study, the agent attention module is introduced. 
This module innovatively incorporates an additional set of 
agent vectors A into the attention triplet (Q, K , V), defining
a quaternary agent attention paradigm (Q, A, K, V). As
shown in Fig. 4(c), agent attention does not directly com-
pute the pairwise similarity between Q and K, but instead 
uses a small number of agent vectors A to gather informa-
tion from K and V, which is then delivered to Q, thereby 
achieving global information modeling at a very low com-
putational cost. Structurally, agent attention consists of 
two conventional Softmax attention operations and is
equivalent to a generalized linear attention, naturally fus-
ing the high performance of Softmax attention with the effi-
ciency of linear attention. As a result, it combines the
advantages of both—namely, low computational complex-
ity and strong model expressiveness.

4.3 Spatial atte ntion module

Although many UNet variants perform well, they inevi-
tably make the ne twork more complex and less inter-
pretable (Guo et al., 2021). To address these issues, 
spatial attention modules have been introduced into UNet. 
This spatial attention helps the network focus on important 
features while suppressing unnecessary ones, thereby
improving the representational capacity of the network.

The spatial attention (SA) module is introduced as a 
part of the convolutional block attention module (Woo 
et al., 2 018). SA uses the spatial relationship between fea-
tures to produce a spatial attention map. To calculate spa-
tial attention, SA first applies max pooling and average 
pooling operations along the channel axis and concatenates
them to produce an efficient feature descriptor, as shown in

Fig. 5. Formally, the input fe ure is 
forwarded through the channel-wise max pooling and 
average pooling to generate outpu and 

respectively. Then, a convolutional layer 
followed by the Sigmoid activation function on the con-
catenated feature descriptor is used to generate a spatial

F RH W C

F s
mp RH W 1

p RH W 1,

at 

ts 
F s 

a 
attention map In short, the output fea-
ture of spatial atten tion module is calculated
as (Guo et al., 2021): 

F RH W 1 . 
RH W C

M s 

F s 

F s F M s F 
F r f 7 7 MaxPool F AvgPool F 

F r f 7 7 F s
mp F s

ap

9

where denotes a convolution operation with a ker-
nel size of 7 an d represents the Sigmoid function.

7f 7 

r 

4.4 Optimization and inference

Although Eq. (7) provides a direct solution for optimiz-
ing HINet, diffusion models often encounter instability 
during training. The key reason for this is that predicting 
instantaneous noise distribut ion is not an easy task. There-
fore, the study draws on the maximum likelihood learning
strategy from (Luo et al., 2023) and modifies the training 
objective. Specifically, to optimize HINet, we choo se to
minimize the Euclidean distance as follows:

L / 
T 

t 0 
ctE xt dx t

/
xt 1 10

where is the ideal state reversed from The closed 
form of can be determined by the following formula:

1 t.

1

xt x 
xt 

xt 1 
1 e 2ht 1 

1 e 2ht 
e ht xt l 1 e 2h t

1 e 2ht e
ht 1 x0 l l

11

e/ 

During the inference process, the study uses the pre-
trained by sampling from the random stat an d
employs numerical methods (such as the Euler–Maruyama
(EM) method (Kloeden & Platen, 1992)) to iteratively solve 
the SDE in order to predict high resolution (HR) images. 
To better understand the training and inference process
of GPR-HIDiff, the study summarizes it in Algorithm 1 
and Algorithm 2. 

x  T

move_f0025
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Fig. 5. Internal structure diagram of the SA module.
Algorithm 1 Training of GPR-HIDiff
Input: HR image LR image = total 
step noisy image 

lx 0 IHR, ILR,
T , x t .

1 Initialization: Random sample 

2 repeat 
3 = 
4 // Predict noise
// Substitute score into Eq. (7) 

5  

6 // Loss 
7 // Gradient descent 
8 until converged 

et N 0 k2 t 0 T T 100 

l,I t Concate x  t l ; 
t / I t t ; 

dxt ht l xt r2 
t

t
vt

dt rtdw;

L / ctE xt dxt
/

xt 1 ;

/L;
Algorithm 2 Inference of GPR-HIDiff
Input: LR image = total step T .l ILR,
Output: Image after horizontal interference 
suppression 
1 Initialization: Random sample 
is the pre-trained HINet, EM( ) is Euler–Maruyama 
method = 100.
2 for = : 1 do
3 // Predict noise
// Substitute score into Eq. (7) 

4  

5 //Reverse SDE 
6 end 
7 

IHI. 
x  T  N 0 k2 

/ 

T 
Tt 

t / xt l t ; 

dxt ht l xt r2 
t 

t 
vt

dt rtdw;

xt 1 xt EM dxt ;

IHI x0;
5 Experiment and discussion

5.1 Dat aset

The dataset used in this study consists of two parts: 
measured samples and simulated samples. F or the mea-
sured samples, as shown in Fig. 6, the study uses the 
MTGR-400 GPR f rom China University of Mining and
Technology (Beijing) to detect urban roads. The antenna 
center frequency is 400 MHz, and the sampling interval 
is 0.023 m. Among them, the ground truth images for the 
measured samples are the results after mean scan subtrac-
tion. However, as the processing effect of this method is 
not always ideal, only the profiles with better results are 
selected. To expand the database and obtain more con-
vincing horizontal interference suppression samples, the
study uses FDTD forward modeling for data extension.
As shown in Fig. 7, based on the urban road structure, 
the study randomly stacks small particles of different sizes 
and dielectric properties within the road layers and ran-
domly generates the shapes of anomalous cavities to simu-
late the non-homogeneous underground environment. In 
addition, the simulation process involves 11 random con-
trol variables to enhance the algorithm’s ability to suppress 
horizontal interference under different conditions. In the 
simulated samples, GPR profiles with defects are consid-
ered low-quality images, while profiles obtained by sub-
tracting d efect-free GPR profiles (to eliminate horizontal
interference) are considered as ground truth images. The
specific settings for the dielectric parameters of the model
medium and signal parameters are detailed in Tables 1 
and 2.

In total, the dataset contains 1189 pairs of samples, of 
which 755 pairs are measured samples and 434 pairs are
simulated samples. Figure 8 lists some of the sample pairs, 
representing all categories in the sample library. Among 
them, (a) and (b) are 400 MHz GPR measured sample 
pairs; (c) and (d) are 100 MHz GPR measured sample 
pairs; and (e) is a 500 MHz GPR simulated sample pair. 
In addition, the dataset constructed in this study not only 
includes samples acquired under different frequency condi-
tions, but also exhibits the following representative charac-
teristics: first, the mixed samples display substantial energy 
variation between individual samples, encompassing hori-
zontal interference with a wide dynamic range of ampli-
tudes; second, particularly in the case of field-measured 
samples, the dataset covers a variety of typical and com-
plex subsurface scenarios, including but not limited to: 
underground interfaces with pronounced undulating fea-
tures, stratigraphic structures with significant differences 
in phase-aligned reflector continuity, and complex situa-
tions where non-geological structures such as pipelines
intersect with geological strata. This broadly representative
data distribution can effectively enhance the model’s gener-
alization capability under complex geological conditions.
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Fig. 6. Ground-penetrating radar detection principle diagram.

Fig. 7. Model for GPR-HIDiff -FDTD simulation training samples.
5.2 Experimental imp lementation details

For the proposed GPR-HIDiff network, the patch size is 
128 × 128, and the batch size is 16. The Adam optimizer is 
employed with parameters b1 = 0.9 and b2 = 0.99. The
total training steps are set to 5 × 105, with an initial learn-
ing rate of 10–4 , which decays by half every 2 × 105 itera-
tions. The model requires approximately four days to 
train on a single RTX 4090 GPU (24 GB VRAM). 
Employing multi-GPU parallelization (e.g., a 4-GPU con-
figuration) can reduce the training time to less than one
day. During inference, the model demonstrates excellent
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Table 1 
Material parameter s of GPRMAX.

Material Relative dielectric 
constant ( er)

Conductivity 
(S/m) 

Air 1.0 0 
Asphalt 4.0/5.0 0.0045 
Concrete 7.0/8.0 0.0082 
Cement stabilized base-1 3.0 0.0070 
Cement stabilized base-1 3.2 0.0070 
Cement stabilized base-1 2.8 0.0070 

Table 2 
Signal channel setting parameters of GPRMAX.

Name of the parameter Value 

Domain (m) 10, 5, 0.005
dx_dy_dz (m) 0.005, 0.005, 0.005
Time window (ns) 100 
Frequency of the antenna (MHz) 500 
Transmitter start position (m) 0.1, 0.1, 0.005
Receiver start position (m) 0.2, 0.1, 0.005
Transmitter and receiver steps (m) 0.1, 0, 0
Number of sampling points 98
performance, processing a single 512 × 512 image in 4.984 s 
(well under 10 s), thereby meeting the requirements of real-
time engineering applications. The final trained model pro-
duces a weight file (pth) of 521 MB. For on-site workflows
such as construction, the model achieves a favorable bal-
ance among accuracy, speed, and computational resource
consumption.

5.3 Metri cs

The study uses six metrics to comprehensively assess the 
perfor mance of the GPR-HIDiff model. These include
Fig. 8. Example of measured and simulated s
three full-reference metrics: PSNR (Zhang et al., 2017), 
SSIM (Wang et al., 2004), and learned perceptual image 
patch similarity (LPIPS) (Yauri-Lozano et al., 2024). These 
metrics help to evaluate the distance between the generated 
image and the ground truth images. In addition, there are
three no-reference metrics: natural image quality evaluator
(NIQE) (Wu et al., 2022), perception based image quality 
evaluator (PIQE) (Pandey et al., 2020), and the 
maximum-to-average (M/A) amplitude ratio (Rashed, 
2003). These metrics offer insights into the perceptual qual-
ity and the high-frequency details of the generated images. 
Specifically, M/A amplitude ratio is a measure of the 
strength of a signal relative to background noise on a seis-
mic section, and the same principle can be applie d to GPR
sections. All amplitudes are squared, then square rooted
before calculating the ratio to avoid cancellation of ampli-
tudes having opposite signs. The ratio is calculated using
the following formula:

M A j 
max Ai j 
1 
N 

N
i 1 Ai j

12

M A 
1 
M 

M 

j 1

M A j 13

where M and N represent the number of survey lines and 
time sampling points in the GPR profile, respectivel y.
is the amplitude value at the h time sampling point on
the h survey line.

jAi 
ti-

tj-

5.4 Compari sons

We compare GPR-HIDiff with mainstream conven-
tional GPR processing methods, including PCA, RPCA, 
GoDec, and NMF, as well as advanced deep learning algo-
rithms: Multi-stage progressive image restoration
(MPRNet) (Zamir et al., 2021), progressive recurrent net-
work (PReNet) (Ren et al., 2019), joint rain detection
amples required for GPR-HIDiff training.
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and removal (JORDER) (Yang et al., 2017), and image 
restoration using swin transformer (SwinIR) (Liang et al.,
2021). These methods represent the mainstream in the 
fields of horizontal interference suppression and image 
restoration, ensuring the comprehensiveness of the evalua-
tion. Among them, MPRNet is a multi-stage restoration 
network with adaptive attention, excelling in deraining, 
deblurring, and denoising. PReNet is a progressive recur-
rent network that unfolds shallow ResNet and recurrent 
layers to exploit feature dependencies, maintaining excel-
lent performance while reducing parameters. The SwinIR 
combines the advantages of convolutional networks and
transformers and can be divided into three components:
shallow feature extraction, deep feature extraction, and
high-quality image reconstruction modules. For these
advanced deep learning methods, the experiments strictly
follow the official implementations, and all comparative
methods are trained from scratch on the dataset described
in Section 5.1. 

In summary, based on eight indicators (both full-
reference and no-reference), the study compares the 
GPR-HIDiff model with eight advanced algorithms (in-
cluding conventional GPR process ing methods and deep
learning methods) on a dataset composed of both real
and simulated samples. Table 3 presents the quantitative 
results of different algorithms on the test set. In each 
row, we highlight the best performance for each metric in 
bold red. It can be observed that GPR-HIDiff achieves 
the best performance across the board, and the deep learn-
ing algorithms consistently outperform conventi onal GPR
processing methods. Among the deep learning algorithms,
MPRNet and the proposed GPR-HIDiff perform particu-
larly well; among the conventional GPR methods, RPCA
and GoDec are more prominent.

Additionally, we compare the average inference time 
and GPU memory usage. Conventional methods exhibit 
significantly faster inference than deep learning models 
because they typically only require direct matrix opera-
tions, without involving the multi-layer convolutional com-
putations or iterative optimization processes inheren t to
deep learning. Although the inference time of deep learning
models is generally longer, it usually remains under 10 s,
which is sufficiently short to avoid noticeably affecting
Table 3 
Quantitative experimental results on the test set. The best PSNR, SSIM, LPIP

Metrics/Method PCA RPCA GoDec NMF

PSNR ( ) (dB) 30.7247 32.3551 34.8543 29.96
SSIM ( ) 0.9575 0.9591 0.9653 0.943
LPIPS (;) 0.0711 0.0781 0.0594 0.087
NIQE (;) 13.7192 12.3571 11.8772 15.55
PIQE (;) 62.9452 58.1890 55.9247 66.74
M/A ratio ( ) 1.4853 1.5391 1.5414 1.452
Average inference time (;) (s) 0.0220 0.964 0.093 0.024
GPU memory usage (;) (MB) No No No No
real-time performance in practical applications. In terms 
of GPU memory usage, MPRNet requires substantial 
memory due to its multi-stage design, whereas diffusion 
models demand considerable memory because their 
multi-step iterative reverse denoising process necessitates 
storing numerous intermediate features; both approaches 
lead to significantly increased memory consumpt ion when
processing high-resolution images such as 512 × 512. While
conventional methods have advantages in speed and mem-
ory efficiency, they generally fall short of deep learning
models in terms of accuracy.

Next, the study conducts a qualitative analysis of differ-
ent algorithms based on four groups of sample pairs.

5.5 Experiment on simulated samples

The study conducts evaluations on simulated data. The 
suppression resul ts of different algorithms are shown in
Fig. 9. For conventional GPR processing methods, PCA 
retains all principal components from the 2nd to the 
512th; RPCA is configured with a regularization multiplier 
of 0.1, a convergence tolerance of 1 × 10−7 e–7, and a max-
imum of 500 iterations; the rank for NMF decomposition
is set to 1; for GoDec, the rank of the low-rank matrix is
set to 1 and the number of iterations to 10. Deep learning
algorithms are implemented strictly following their official
configurations.

In the original B-scan noisy profile, numerous target 
hyperbolic reflections are obscured by horizontal interfer-
ence and clutter, making their contours and spatial loca-
tions difficult to discern. Specifically, the term 
‘‘hyperbolic contours” refers to the pattern formed when 
a radar antenna passes over a point-like subsurface target: 
the receiving antenna records the reflected signals, produc-
ing an initial trace. As the antenna approaches the target, 
the propagation path shortens, reaching its minimum 
directly above the target; as the antenna moves away, the
path lengthens again. The variation in travel time with hor-
izontal distance forms a characteristic hyperbolic shape on
the radar profile, resulting from the combined effects of
geometric path changes and the target’s reflection proper-
ties. As indicated by the yellow boxes in Fig. 9, conven-
tional GPR methods cannot suppress the random clutter
S, NIQE, PIQE, and performances are shown in bold.M A

MPRNet PReNet JORDER SwinIR GPR-HIDiff 

41 37.1111 36.5903 36.5558 36.7843 38.9498 
5 0.9748 0.9727 0.9730 0.9735 0.9812 
7 0.0375 0.0470 0.0426 0.0403 0.0225 
20 10.5311 11.2934 11.3821 11.2251 9.6214 
47 47.3556 49.0184 52.1792 46.4612 45.2318 
0 1.7256 1.7128 1.6913 1.7124 1.8452 

5.324 4.127 5.261 3.561 4.984 
3827 2216 2352 3168 3304 
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Fig. 9. Suppression effect of different algorithms on horizontal interference in simulated profiles.
caused by heterogeneous underground environments, leav-
ing substantial residual noise. Some horizontal interference 
persists in the PCA and NMF results, while RPCA and 
GoDec perform relatively better. In contrast, deep learning 
methods show more significant suppression of both hori-
zontal interference and clutter. Notably, the proposed 
method reveals more scattered contours of effective target 
hyperbolas compared to the other three advanced algo-
rithms, and the hyperbolas extend further. In particular,
the proposed method also unveils a hyperbolic contour
formed by the overlapping of two upper hyperbolas, even
though this composite hyperbolic signal has very weak
energy, demonstrating the strong performance of the pro-
posed algorithm.

As shown in the red boxes in Fig. 9, although conven-
tional algorithms suppress the horizontal interference over-
lapping the target hyperbolas, they fail to adequately reveal 
the target contours. The segments obscured by interference 
are merely suppressed, without exposing the underlying 
hyperbolic features. In contrast, deep learning algorithms 
reveal these c ontours more naturally and realistically.
However, visible horizontal interference with considerable
amplitude still remains in the profiles processed by
MPRNet, PReNet, JORDER, and SwinIR.

Residual maps between the profiles after suppression 
and the ground trut h are also drawn, as shown in
Fig. 10. The residual energy from deep learning methods 
is significantly lower than that of conventional methods, 
indicating better performance. Moreover, the residual pro-
files of the proposed method show minimal horizontal 
interference. For conventional methods, PCA and NMF
leave substantial horizontal interference in the residual
maps and are ineffective at suppressing it. RPCA, GoDec,
and NMF retain stronger target hyperbolic responses in 
the residuals, indicating that these methods remove more
target scattering contributions.

In summary, only the proposed algorithm effectively 
suppresses interference while preserving the morphological 
features of the majority of target hyperbolas. It enhances 
the target detection capability of GPR profiles more than
the other algorithms and thus demonstrates an overwhelm-
ing advantage on simulated data.

5.6 Experiment on measured samples

Subsequently, the study evaluates two measured samples 
from test sets and one measured sample without ground
truth.

In the first example, the suppression results of different
algorithms are shown in Fig. 11. Compared with deep 
learning methods, conventional methods produce weaker 
overall in-phase reflection group amplitudes in the GPR 
profiles. However, conventional methods consistently sup-
press the direct wave, whereas deep learning methods can-
not completely suppress the direct wave due to the 
characteristics of the measured dataset. For conventional 
methods, weak horizontal artifacts appear in the red and 
yellow boxes of the PCA-, RPCA-, GoDec-, and NMF-
processed profiles. These artifacts blur the target wave 
groups and reduce their energy. In particular, the NMF-
processed profiles exhibit vertical strip artifacts and color
distortion in some regions, severely affecting the overall
profile quality. RPCA and GoDec perform relatively better
in this regard. For deep learning algorithms, such as
MPRNet, PReNet, and JORDER, some residual horizon-
tal interference remains in the red, yellow, and green boxes,
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Fig. 10. Residual maps between profiles after suppression and ground truth profiles by different algorithms.
especially near the top or bottom of the profiles. In the red 
box, SwinIR exhibits residual weak-amplitude horizontal
artifacts that have not been fully suppressed.

Notably, the in-phase reflection group energy in deep 
learning-processed profiles is generally stronger than that 
of conventional methods. They achieve strong suppression 
of high-amplitude horizontal inter ference at the bottom of
the profile without significantly weakening the energy of
the wave groups. As shown in Fig. 12, we extract the region 
with pixel coordinates x: 1–512, y: 179–215 (from the full 
area x: 1–512, y: 1–512). For this 37 × 512 region, we 
square the pixel values and sum them column-wise to 
obtain the energy value for each of the 512 columns. Each 
algorithm yields 512 such values, and there are 9 algo-
rithms in total (i.e., 9 × 512 energy values). The study plots 
all 9 curves together. Furthermore, for quantitative analy-
sis, a bar chart of the total absolute energy across all pixels
in this region is created. To facilitate observation, a section
of the curve plot is extracted. Combining the two figures, it
can be seen that the energy values from deep learning algo-
rithms are consistently higher than those of conventional
methods.

Moreover, this example is a sample pair from the test 
set. Its ground truth is actually obtained by denoising the 
background of the corresponding noisy profile. However, 
as mentioned earlier, background denoising does not 
always yield satisfactory results. In particu lar, for this
example, the suppression effect is poor due to the selection
of an unsuitable background during the denoising process,
resulting in residual weak-amplitude horizontal artifacts
within the red box. Nevertheless, the proposed algorithm 
can still achieve a good effect. Additionally, there are some 
similar cases (with poor ground truth) in the training set 
established in the study. However, the proposed algorithm 
can still correct the erroneous sample pairs by learning
from a large number of correct sample pairs. The excellent
performance of the proposed algorithm in this example is
attributed to the strong learning capability of the adopted
model.

As shown in Fig. 13, similar to the first sample pair, 
apart from the proposed algorithm, the profiles processed 
by other methods more or less exhibit some weak-
amplitude horizontal artifacts, strong-amplitude horizontal 
interference, striped artifacts in random regions, or color
distortion. Furthermore, the profile processed by the pro-
posed algorithm retains stronger wavelet energy overall,
indicating its relatively optimal performance.

In addition, the study also tests the Noisy-3 profile with-
out ground truth. The results are shown in Fig. 14. Weak-
amplitude horizontal artifacts appear within the red boxes 
of PCA and GoDec; striped artifacts are present in the red 
boxes and weak-amplitude horizontal artifacts in the yel-
low boxes of RPCA and NMF . At the same location,
MPRNet, PReNet, JORDER, and SwinIR produce
strong-amplitude horizontal interference that does not exist
in the original Noisy-3 profile.

From the above three groups of examples, conventional 
algorithms do show significant suppression of strong-
amplitude horizontal interference. However, the resulting
profiles often contain horizontal or striped artifacts,
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Fig. 11. Suppression effect of different algorithms on horizontal interference in measured profile Noisy-1.

 

particularly color distortion and excessive reflection group 
energy loss. Thus, their metrics in Table 3 are not advanta-
geous. Although some deep learning algorithms are less 
effective in suppressing strong-amplitude horizontal inter-
ference compared to conventional methods, they result in 
minimal reflection group energy loss, giving them a relative
advantage in the evaluation metrics.

5.7 Experimental analys is

5.7.1 Ablation study
To investigate the effectiveness of the agent attention 

module and the SA module in GPR-HIDiff, we conduct 
a controlled experiment by selectively discarding or retain-
ing the two modules. By comparing the quantitative results
on the test set for different module combinations in Table 4, 
we observe that adding the SA module to the baseline 
yields slightly better metrics than adding the agent atten-
tion module. Notably, the SA module is used only once 
in the model, while the agent attention module is utilized 
in most layers of the UNet. When both the agent attention
module and the SA module are included, the model per-
forms best across all metrics. Compared with the baseline,
the proposed algorithm achieves a 9.0% improvement in 
PSNR, a 1.1% improvement in SSIM, a 56.8% improve-
ment in LPIPS, a 16.5% improvement in NIQE, a 14.9% 
improvement in PIQE, and a 15.2% improvement in the
M/A ratio. These results demonstrate that the introduced
agent attention module and SA module enhance the perfor-
mance of the diffusion model.

5.7.2 Robustness analys is
To evaluate the robustness of the model, we construct 

simulated models with varyi ng numbers of layers using
the method described in Section 5.1, producing low-
quality images. High-quality images are obtained by sub-
tracting the simulated images without targets from those 
containing targets. Example s of these simulated data pairs
with different PSNR/SSIM values are shown in Fig. 15. 

Based on 144 data pairs generated using the above 
approach, we compare the PSNR and SSIM between the 
clean images and the radar profiles both before and after 
suppression by the GP R-HIDiff model to evaluate the
effectiveness of interference removal. Scatter plots are
drawn, and linear fits are applied, as shown in Fig. 16.  In
the figure, R denotes the overall correlation coefficient
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Fig. 12. Energy curve plots and bar charts of different algorithms for the sample pair of Example 1 within the region x: 1–512, y: 179–215.
between PSNR before and after suppression, as well as 
between SSIM before and after suppression. Overall, the 
results indicate that both PSNR and SSIM generally 
improve after suppression as their pre-s uppression values
increase. However, the correlation coefficient for PSNR
before and after suppression is relatively stronger than that
for SSIM.

5.7.3 Parameter selec tion
t hWe can simply adjus to construct different noise 

schedules in GPR-HIDiff, as shown in Fig. 17. It should 
be noted that the loss and PSNR evaluation curves are
smoothed using the Savitzky-Golay method (Sadeghi 
et al., 2020). We explore three different schedules for 
how to vary constant, linear, and cosine. Whe is 
constant, the GPR-HIDiff simplifies to the Ornstein–
Uhlenbeck (OU) process (Gillespie, 1996), which is widely 
used to solve mean-reverting problems. The linear/cosine 
schedules are widely used in existing diffusion probabilis-
tic models. The constant schedule increases noise at a 
fixed rate throughout the diffusion process, lacking flexi-
bility. The linear schedule decreases to zero much more 
rapidly, resulting in the loss of infor mation faster than
necessary. In contrast, the cosine schedule is designed to
decay smoothly in the middle of the process, while chang-
ing very little near the extremes of 0 and o pre-

h

t t

h: n 

t= = T 
vent abrupt changes in noise level (Nichol & Dhari wal,
2021). From Fig. 17, it is evident that while all three 
schedules perform well in the task of horizontal interfer-
ence suppression in GPR, with the cos chedule signifi-
cantly outperforming the others.

sh 

5.7.4 Dataset effec tiveness
The dataset used in this study mainly consists of two 

types of samples: measured and simulated samples. To fur-
ther verify the impact of dataset composition on model per-
formance, we adopt a controlled variable approach and 
divide the training set into three types: (1) containing only 
measured samples; (2) containing only simulated samples; 
and (3) a mixture of measured and simulat ed samples. To
ensure fairness in comparison, all three training sets use
the same validation set, which is composed solely of simu-
lated samples. We train the GPR-HIDiff model on these
three types of training sets, respectively, and the training
results are shown in Fig. 18. As can be seen from the 
results, the model trained with mixed samples performs sig-
nificantly better in both loss and PSNR compared to mod-
els trained on a single type of sample. This indicates that 
measured and simulated samples have a certain degree of
complementarity in feature distribution, and their combi-
nation can significantly enhance the model’s performance
and generalization ability.
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Fig. 13. Suppression results of different algorithms on horizon tal interference in the measured profile Noisy-2.

Fig. 14. Suppression results of different algorithms on horizontal interference in the measured profile Noisy-3.
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Table 4 
Ablation analysis of GPR-HIDiff with different components. The best PSNR, SSIM, LPIPS, NIQE, PIQE and performance is shown in bold.M A

Agent attention module SA module PSNR ( ) SSIM ( ) LPIPS (;) NIQE (;) PIQE (;) M/A ratio ( )

35.7329 0.9703 0.0521 11.5282 53.1398 1.6021 
U ✗ 36.8920 0.9743 0.0389 10.8723 48.2425 1.7143 
✗ U 37.1294 0.9782 0.0337 10.2531 46.9532 1.7241 

38.9498 0.9812 0.0225 9.6214 45.2318 1.8452 

Fig. 15. Examples of simulated data pairs (low-quality image – high-quality image) with different PSNR/SSIM values. Specifically, (a) and (b) form one 
data pair with a PSNR of 19.91 dB and SSIM of 0.4551; (c) and (d) form a pair with a PSNR of 19.46 dB and SSIM of 0.5937; (e) and (f) form a pair with
a PSNR of 17.51 dB and SSIM of 0.4669; (g) and (h) form a pair with a PSNR of 12.97 dB and SSIM of 0.1711.

Fig. 16. Scatter plots of PSNR and SSIM between the clean images and the radar profiles before and after suppression by the GPR-HIDiff model (with the
horizontal axis representing the x-axis and the vertical axis representing the y-axis).
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Fig. 17. Performance comparison of GPR-HIDiff under different hedules. (a) Loss curves of GPR-HIDiff under different edules, and (b) PSNR
evaluation curves of GPR-HIDiff under different hedules.

hsch sch 
sch 

Fig. 18. Performance comparison of GPR-HIDiff under different training sets. (a) Loss curves of GPR-HIDiff under different training sets, and (b) PSNR
evaluation curves of GPR-HIDiff under different training sets.
6 Conc lusions

To address the issue of horizontal interference compo-
nents in GPR data that severely degrade the accuracy of 
subsurface utility interpretation in construction environ-
ments, this study proposes a novel diffusion model frame-
work for automated interference suppression. To the best
of our knowledge, this represents one of the earliest
attempts to apply deep learning to this specific challenge
within automated underground utility detection systems.

(1) The proposed model, GPR-HIDiff, comprehensively 
replaces traditional convolutional units with Res-
Blocks in the encoder, intermediate layers, and deco-
der of the UNet architecture to enhance training 
stabili ty. Lightweight agent attention modules are
embedded between ResBlocks at each layer to
strengthen global information modeling capability.
A spatial attention mechanism is deployed between 
the encoder and decoder to achieve adaptive feature 
optimization in the spatial dimension. In the forward 
diff usion phase, a co schedule is introduced to
ensure a smooth temporal variation of noise variance.

sh

(2) GPR-HIDiff outperforms conventional GPR pro-
cessing algorithms and other advanced deep learning 
methods on the test set. For simulated test samples, 
GPR-HIDiff effectively suppresses horizontal inter-
ference while preserving the hyperbolic contours of 
valid targets, without excessively reducing the scatter-
ing contributions of the targets. For real test samples, 
the profiles processed by GPR-HIDiff exhibit no low-
amplitude horizontal artifacts, strip-like artifacts,
blurred reflection wave groups, or color distortions,
while maintaining clear and high-energy reflection
wave groups. Furthermore, even when some ground
truth data in the training set are of suboptimal qual-
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ity, GPR-HIDiff is capable of correcting them 
through its strong learning ability, demonstrating
excellent robustness and generalization.

(3) Ablation experiments show that introducing either 
agent attention or spatial attention individually can 
improve performance, with the best results achieved 
when both are used in combination; removing both 
leads to a significant performance drop. The robust-
ness analysis compares the PSNR and SSIM between 
the radar profiles before and after suppression by the 
GPR-HIDiff model and the clean images, based on 
144 data pairs, and scatter plots are drawn with linear 
fits applied. Among the three schedule strategies— 
constant, linear, and cosine—the o schedule 
performs the best. A standardized GP R horizontal
interference dataset is constructed using real measure-
ments and FDTD simulations of urban road models.
Performance comparisons between models trained
on real samples only, simulated samples only, and a
mix of both indicate a degree of complementarity in
the feature space of the two sample sets, and the use
of mixed samples enhances the model’s performance.

sh
h 

c 

In the future, we aim to develop more flexible 
approaches capable of effectively handling various low-
rank noise types across complex geological scenarios and 
integrating this framework into automated on-site data
acquisition systems. In addition, we plan to incorporate
sensitivity analysis techniques, such as the Sobol method
(Liu et al., 2025; Liu et al., 2020), to quantify the contribu-
tions of key network parameters—such as the number of 
ResBlocks, the placement of attention modules, and the 
number of diffusion steps—to the final suppression perfor-
mance, as measured by metrics like SSIM and PSNR. Fur -
thermore, given the critical role of physical laws in GPR
signal propagation and interference formation, advanced
techniques such as physics-informed neural networks
(PINNs) (Cai et al., 2021; Liu et al., 2024b) could be 
employed in the future to implicitly approximate solutions 
of partial differential equations during model training by 
using the Maxwell equations, which describe subsurface 
electromagnetic wave propagation, as physical constraints 
combined with automatic differentiation. This innovative 
appro ach, which deeply integrates physical principles with
data-driven features, is expected to significantly enhance
both the interpretability and generalization capability of
the model.

Data availabil ity

The data that used in this study are available on https:// 
github.com/txs129129/code–data–horizontal-iInterference. 
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