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Abstract 

Ground-penetrating radar (GPR) signals are often severely contaminated by random noise, which weakens 

deep or small-target reflections and reduces interpretability. This paper proposes a GPR signal recon-

struction method based on the matrix pencil (MP) method. The GPR trace is modeled as a sum of damped 

complex exponentials and reconstructs the effective signal by estimating key parameters, including the 

number of dominant poles, pole values, and residues, through singular value decomposition and 

least-squares fitting. The optimal number of dominant poles is determined to balance noise suppression 

and signal fidelity. The proposed method is validated using synthetic data with different signal-to-noise 

ratios, laboratory physical-model data from a buried metal pipe, and field data from a full-scale shield 

tunnel grouting test platform. Quantitative evaluations using peak signal-to-noise ratio and image entropy 

demonstrate that the MP method significantly suppresses high-frequency random noise, preserves subtle 

reflection features, and improves image clarity. Both synthetic and real-data results confirm that the MP 

method outperforms conventional denoising techniques in enhancing GPR data interpretability, offering a 

practical and effective tool for underground defect detection and engineering quality inspection. 

Keywords: Ground-penetrating Radar; Denoising; Matrix Pencil method; Signal reconstruction 

 

1. Introduction 

Ground-penetrating radar (GPR) is an important geophysical tool for investigating the shallow 

subsurface [1]. As a non-invasive and non-destructive method, it can be used to detect landmines, cables, 

pipes, reinforcement bars, fractures in bedrock, subsurface cavities, sediment, and moisture [2]. Because 

of the large bandwidth of GPR systems [3], GPR signals are usually contaminated by various types of 

noise, such as ringing noise [4], sferics noise [5], and random noise. When GPR data are contaminated 

by noise, reflections from deep interfaces become extremely weak, reducing the target-identification ca-

pability of GPR. Therefore, noise elimination is crucial for enhancing GPR detection performance [6]. 

Recently, many methods have been proposed for GPR signal denoising. Spatial-domain filtering is 

a traditional approach, including median filtering [7] and total variation denoising [8]. Transforming raw 

data into different domains is also common in GPR data processing. For example, converting GPR data 
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into the frequency domain using the Fourier transform allows useful signals to be retained while noise is 

removed based on their differing spectral characteristics [9-11]. Principal component analysis (PCA) 

preserves highly correlated signal components while discarding uncorrelated noise, thereby achieving 

denoising [12-14]. However, PCA is limited in noise removal, particularly for correlated noise in GPR 

data [15,16], and its performance may degrade when processing localized signals [17]. Because both 

GPR and seismic methods rely on wave propagation and interaction with subsurface media to extract 

structural information, some noise-reduction techniques from seismic data processing have been adopted 

for GPR, such as muting, median filtering, and F-K (or F-X) filtering [18,19]. Although these methods 

perform well in removing stable noise and noise with frequency bands distinct from the signal, they can 

cause signal distortion and introduce false anomalies when signal and noise spectra overlap. In recent 

years, advances in computational hardware and algorithms have driven rapid progress in artificial intel-

ligence, especially deep learning based on neural networks. For GPR denoising, researchers have con-

structed neural-network models that remove random noise from GPR data through backpropagation al-

gorithms and have achieved promising results [20-21]. 

For GPR image denoising, innovative mathematical techniques have been introduced, such as the 

windowed Fourier transform, independent component analysis (ICA), the Hilbert transform, and the 

Hilbert-Huang transform [22-24]. The advancement of complex signal processing has also highlighted 

the potential of empirical mode decomposition (EMD) and related methods for improving GPR data in-

terpretation. However, these methods face challenges such as limited theoretical foundations and mode 

mixing [25,26]. The Hilbert transform, with its multidirectional and adaptive characteristics, has been 

widely applied to denoising non-stationary signals in GPR data, although its practical effectiveness re-

mains insufficiently validated [27,28]. Singular spectrum analysis (SSA) processes GPR data through 

singular value decomposition (SVD), separating effective signals and interference based on singular 

spectra and eigenvectors. By reconstructing data using low-order eigenvectors that represent high vari-

ance and differ from noise, SSA achieves spatial denoising and improves the signal-to-noise ratio 

[29,30]. To address the limitations of traditional PCA in clutter suppression, wavelet transform has been 

combined with PCA. This hybrid method integrates subspace projection and adaptive transverse filtering, 

improving clutter suppression and radar signal processing accuracy. Techniques such as wavelet trans-

form, PCA, and adaptive filtering complement one another and demonstrate excellent performance in 

increasing the signal-to-noise ratio and enhancing image clarity [31,32]. Traditional Hilbert transform 

methods are highly sensitive to threshold settings; combining the Hilbert transform with SVD enhances 

GPR noise suppression by simultaneously removing random noise and amplifying reflection signals. 

This approach identifies and separates noise from effective signals using SVD and then enhances the 

signal through the Hilbert transform, improving data quality and interpretive accuracy [33,34]. To ad-

dress high-density noise in GPR images caused by geological or environmental factors, which obscures 

effective signals and renders data unreadable, a novel denoising method, PM-NRM, has been proposed. 

By integrating the PM algorithm with a noise recognition model, this method uses partial differential 

equations to identify noise points based on the contrast between noise and background values, achieving 

denoising through an iterative conditional mode algorithm [35]. Furthermore, Wang et al. proposed a 

solution to the instability of training generative adversarial networks (GANs) for GPR image generation 

[36]. By incorporating a gradient penalty with Wasserstein distance, they generated GPR images and 

constructed GPR datasets using time-domain finite-difference simulation and real field-acquired images, 

significantly improving GPR image denoising performance. 

Since its introduction in the mid-1980s, wavelet transform analysis has developed rapidly and be-

come a widely used tool in signal processing, image processing, and data analysis. Unlike the Fourier 

transform, which analyzes signals solely in the frequency domain, the wavelet transform enables simul-

taneous time-frequency analysis, making it particularly effective for non-stationary signals. The inherent 
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“focusing” ability of the wavelet transform allows fine-grained signal analysis and processing at multi-

ple scales, leading to enhanced clarity in signal details. This multiresolution capability has demonstrated 

superior efficiency and effectiveness in various applications, including GPR data denoising and analysis 

[37]. The concept of wavelet-based data denoising was first proposed by Mallat [38]. Although widely 

applied, wavelet transform faces challenges such as fixed basis selection, which may not suit all data 

types or applications, and suboptimal performance with high-dimensional data because of increased 

computational complexity. In addition, threshold determination remains critical and often relies on em-

pirical knowledge and trial-and-error experiments, which can yield varying results depending on the se-

lected threshold [39]. To overcome these limitations, wavelet transform is often combined with other 

algorithms for more effective clutter and noise reduction in GPR data. This hybrid approach leverages 

the time-frequency localization of wavelet transform while applying complementary denoising tech-

niques. However, a notable risk is the potential distortion or loss of hyperbolic reflection signals, be-

cause complex signals or overlapping frequency components may cause valid signals to be misclassified 

as noise. Thus, careful algorithm selection and optimization are crucial to preserving signal integrity 

during noise reduction [40-42]. For non-stationary signal denoising, multiresolution and adaptive 

threshold methods, including wavelet and curvelet transforms, have been widely applied to GPR data 

with promising results and demonstrate practicality in real-world GPR data processing [15]. 

In electromagnetic problems, signal models in the form of sums of exponentially decaying 

terms-known as the “sum of exponential decay” model-are commonly employed to extract features such 

as signal poles. This model effectively reflects signal amplitude, phase, and poles, and has been widely 

applied in fields such as geophysical exploration and communications for estimating characteristic pa-

rameters such as poles and residues [43]. The least-squares matrix pencil method, which adopts the sum 

of damped exponentials model, eliminates the influence of harmonics and decaying DC components. 

Comparisons with Fourier-based methods have demonstrated its high accuracy [44]. Matrix pencil (MP) 

algorithms have also been used for direction-of-arrival (DOA) estimation in radar, achieving improved 

accuracy and reduced computational complexity compared with total least-squares ESPRIT algorithms 

[45]. In addition, researchers have applied the MP method to time-domain airborne electromagnetic [46] 

and transient electromagnetic data processing [47]. The MP method can simplify the algorithm and im-

prove computational efficiency when denoising electromagnetic data. 

In this paper, the MP is applied to denoise GPR signals.This approach seeks to improve the sig-

nal-to-noise ratio (SNR), enhance resolution, and preserve image details. In doing so, it is expected to 

significantly improve the accuracy and effectiveness of GPR image interpretation.  

2.  Theory of GPR signal reconstruction based on MP 

   In electromagnetic problems, to extract the pole information of a signal, the sampled data is often 

represented as a sum of a series of complex exponential signals, referred to as the "sum of complex ex-

ponentials " signal model [48]. The electromagnetic wave signals received by the GPR antenna exhibit 

the same form as the "sum of damped exponentials" signal model and can be expressed as: 

( ) ( ) ( )tntxty += ,                                  (1) 

( ) 
=


M

i

ts

i
ieRtx

1

,                                   (2) 

where y(t) represents the observed GPR signal data, x(t) denotes the effective signal, Ri is the residue, 

and Si=αi+iωi, where αi is the damping factor and ωi=2πfi is the angular frequency. M refers to the num-

ber of main poles, and n(t) represents the mixed noise. 

Rewrite Equation (2) as: 
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where 

is t

iz e= ,                                        (4) 

zi is the ith pole. 

For noise-contaminated GPR signal (n(t)≠0), the N data points of y(t) are constructed into a matrix 

[Y] of dimensions (N-L)×(L+1),defined as follows: 
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The matrix [Y] can be decomposed into two (N-L)×L matrices, denoted as [Y1] and [Y2], where re-

moving the last column from [Y] results in [Y1], and removing the first column from [Y] results in[Y2], L 

is pencil parameter.  
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L plays a crucial role in eliminating data noise, with its value typically ranging between N/3 and 

N/2. After multiple tests, it was found that the error is minimized when L= N/2. 

The matrix [Y] is then subjected to SVD: 

     H
Y U V= 

,                                         (8) 

where [U] and [V] are unitary matrices, composed of the eigenvectors of [Y][Y]H and [Y]H[Y], respec-

tively. H denotes the conjugate transpose of matrix. [Σ] is the diagonal matrix consisting of the singular 

values of [Y]. By performing the transformation on equation (7), we obtain: 

      H
U Y V =   .                                          (9) 

After performing SVD, the singular values in the diagonal matrix [Σ] are arranged in descending 

order. A ratio is then calculated between the singular values and the largest singular value. The way to 

evaluate M is as follows. 

For a singular value σc, it is considered significant if it satisfies: 

c max 10 p  −
 ,                                         (10) 

where p represents the precision level, and σc is the critical singular value (the M-th singular value). 

Typically, it is considered that the singular values beyond M  are significantly affected by noise, they 

are set to be 0. 

Once the M is determined, [V*] , which contains only M dominant right-singular vectors of [V] is 

then constructed. 
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 MV v v v  =  1 2
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.                                   (11) 

By discarding the portion of the right singular vectors corresponding to the singular values from 

M+1 to L, we obtain: 

   
11

H

Y U V   =      ,                                     (12) 
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H

Y U V    =      .                                     (13) 

where  [V1*] is obtained by removing the last row of  [V*] , and [V2*] is obtained by removing the 

first row of  [V*].  [Σ*] is composed of the M singular values corresponding to the values that meet 

the precision requirement from[Σ]. 

Then define matrix pencil: 

      ( ) 2 1 1 0 2[ ]Y Y Z R Z I Z − = −
,                           (14) 

where λ is a scalar variable. 

   MzzzdiagZ ,,, 210 = ,                              (15) 

   1 2, , , MR diag R R R=  ,                               (16) 
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The signal poles zis are the generalized eigenvalue of [Y2]-λ[Y1], so zis can be solved by calculating 

the eigenvalue of the matrix of [C] as follow: 

  ( ) 1

1 1 1 2[ ] [ ] [ ] [ ]H HC Y Y Y Y
−

=
 .                                  (19)  

After obtaining M and zis, the residues Ris can be determined from Eq.13 by the least squares method. 
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Once the parameters M, Ris, and zis are determined, the GPR signal can be reconstructed using Equation 

(3). 
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3.Examples 

3.1. Synthetic data 

To verify the feasibility of the matrix pencil method for GPR signal processing, a model containing 

a single 0.7 m × 0.7 m square cavity was established (Fig. 1a). The cavity, with a central depth of 1.85 m, 

is embedded in limestone overlaid by a 1.0 m-thick clay layer. The cavity is filled with a mixture of air, 

water and mud. The medium parameters are listed in Table 1. GPR signals were simulated using the 

open-source software gprMax [49]. A Perfectly Matched Layer (PML) boundary condition was adopted 

in this model. The excitation source was a Ricker wavelet with a central frequency of 200 MHz. The 

grid size was set to Δx = Δy = 0.01m, and the time window was set to 125ns. The antenna moved with a 

step interval of 0.05 m, and a total of 87 traces were acquired. Point A at the x-coordinate of 2.5m was 

selected to verify the effectiveness of the MP method. 

 

Figure 1.  (a) The cavity model and (b) synthetic GPR responses with noise-free 

Table 1.  Parameters of synthetic model 

media 

relative 

dielectric 

constant 

conductivi-

ty/(s.m-1) 

relative 

permea-

bility 

velocity of 

electromagnetic 

wave(/m.ns-1) 

limestome 7 10-9 1 0.11 

cavity 30 0.5 1 0.07 

clay 10 0.2 1 0.06 

The GPR responses are illustrated in Fig. 1b. The reflection signals from the top of the cavity and 

the clay-limestone interface are distinct. Two different levels of white noise were injected into the simu-

lated GPR signals, with the corresponding SNRs set to 5 dB and 10 dB (Fig. 2).The mathematical defini-

tion of SNR is given in Equation(21). As an SNR of 5 dB, the cavity reflection is extremely weak. At an 

SNR of 10 dB, the target signal becomes prominent, accompanied by considerable background noise. 

10lg( )
N

Ps
SNR

P
=

  ,                                 (21) 

where PS and PN represent the power of the signal and noise, respectively, and SNR is the signal-to-noise 

Ratio. 
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Figure 2  GPR responses with noise of the synthetic model,(a) SNR=5dB,(b)SNR=10dB 

We selected the waveform trace at Point A (Trace A, see Fig. 1a) to analyze the influence of the 

number of dominant poles (M). As shown in Fig. 3, for signals with SNRs of 5 dB and 10 dB, the reflec-

tion signals from the cavity top and the clay-limestone interface are nearly indistinguishable. The reflec-

tion signal remains weak at an SNR of 20 dB and becomes distinct at 30 dB. The GPR signals were then 

reconstructed using the MP method with M set to 18, 28, 30, 32, 34, and 36. The results indicate that 

when M takes an appropriate value, the reconstructed signals show clearer target reflection features and 

achieve effective noise suppression. In contrast, an excessively large or small M causes severe oscilla-

tion in the reconstructed signals, as typified by the traces at SNR = 5 dB (M = 36) and SNR = 30 dB (M 

= 18). 

 

Figure 3 Signal of Trace A contaminated white noise with 

(a)SNR=5dB,(b)SNR=10dB,(c)SNR=20dB,(d)SNR=30dB 

The root mean square error (RMSE, Eq.22) is used to describe the effectiveness of the denoising pro-

cess. The noise is lower, RMSE is smaller. 

( ) ( )
1/2

2

n 1

1
y

N

mRMSE n y n
N =

 
= − 
  


 ,                                （22） 

where y(n) is the reconstructed data and ym(n) is the synthetic data with noise free. 

Figure 4 illustrates the RMSE and SNR of the reconstructed GPR waveform from Point A for dif-

ferent M values, where the original signal has an SNR of 5 dB. As shown in Fig. 4, the maximum SNR 

is 37.4 and the minimum RMSE is 0.5022 when M = 32, at which the reconstructed signal achieves its 
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closest match to the noise-free signal in this model. Because M is determined by the parameter p in Eq. 

(10), optimal GPR signal reconstruction can be pursued by testing different p values. 

 
Figure 4  The curves of RMSE and SNR VS M 

For B-scan GPR images, the peak signal-to-noise ratio (PSNR) and entropy value(Q)  are used to 

evaluate the denoising performance of MP. 

( )
10

max
20log

s
PSNR

MSE

 
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  ,                        (23) 

2

'

, ,

1 1

1 n m

i j i j

i j

MSE X X
nm = =

 = − 
,                       (24) 

where n is number of GPR traces and m is time samples, and X(i,j) and X’(i,j) are the original signal and 

denoised signal for the i-th trace and the j-th time sample respectively, max(s) is the peak value of de-

noised signal. 

PSNR quantifies the ratio between effective signal and noise. Higher PSNR values indicate lower 

noise levels and a greater proportion of effective signals within the data, thereby enhancing data inter-

pretation. Image entropy(Q) is used to describe the degree of disorder in an image. For denoised GPR 

images, a higher entropy value indicates a more chaotic image, while a lower entropy value suggests a 

clearer image with more defined target signals. 

2 2

,

1 1

4

,
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m n

i j

i j

m n

i j
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= =

= =
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
,                                     (25) 

where m is the number of GPR traces, and n is time samples. 
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Figure 5.  GPR B-scan images of synthetic model,(a) original signal with SNR=5dB,(b) reconstructed 

B-scan image 

Figure5 shows the original image with SNR=5dB and the reconstructed image with M=32. In the 

original image, the white noise is obvious and the reflection of the cavity is ambiguous. While in the re-

constructed image, the white noise has been significantly suppressed and the cavity interface reflection 

pattern exhibits a well-defined event. Q of is the reconstructed signal 2.757 ,which almost the same as 

the Q of signal with noisy-free. The PSNR has increased from 34.567dB to 37.883dB (see Tab.2). The 

MP method effectively improved PSNR and reduced the entropy values of the target images. 

Table 2. Q and PSNR of synthetic data 

 Q PSNR/dB 

Noisy-free GPR signal 2.710 -- 

GPR signal with SNR=5 3.530 34.567 

Reconstructed GPR signal 2.757 37.883 

3.2. Experimental data 

A physical simulation experiment was conducted in the laboratory using a sandpit model filled with 

quartz sand. The sandpit dimensions were 4.5 m × 3.0 m × 1.1 m. In the middle of the sandpit, a 1.1 m 

long metal pipe was buried at a depth of 0.2 m. The left end of the pipe was 1.15 m from the sandpit 

boundary, and the right end was 1.35 m from the boundary. The placement of the metal pipe and the 

layout of the survey lines are shown in Fig. 6. The survey line was 2.3 m long and intersected the central 

pipe perpendicularly at the 1.15 m position. 

 

 
Figure 6  Experimental scene(a) metal pipe,(b) survey line 

In this physical experiment, we employed the GSSI SIR-4000 ground penetrating radar system with 

a 400 MHz antenna. The antenna was scanned along the prearranged survey line. As illustrated in Figure 

7a, the hyperbolic reflection signals generated by the metal pipe became distorted due to white noise and 

attenuation. 
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Figure 7 GPR images of experimental model,(a) original B-scan image,(b) reconstructed B-scan image 

The MP method was applied to the experimental data, and the result is shown in Fig. 7b. The white 

noise is partially removed and the quality of the GPR image is effectively improved. The reconstructed 

signal is greatly enhanced: the B-scan image becomes clear and the hyperbolic signal shows good con-

tinuity. The PSNR of the reconstructed signal reaches 36.554 dB, an increase of 55.9% compared with 

the original value of 23.576 dB. The reconstruction quality factor Q is 3.239, a decrease of 22.5% rela-

tive to the original signal (Table 3). 

 

Table 3.  Q and PSNR of experimental data 

 PSNR/dB Q 

Original signal 23.576 4.182 

Reconstructed 

signal 
36.554 3.239 

Figure 8 presents a comparison of the reconstruction results for Trace 23 at the 1.15 m position and 

Trace 30 at the 1.5 m position. The reconstructed signals show excellent agreement with the original da-

ta: the peak and trough locations of the primary reflections, as well as the overall waveform trends, are 

closely matched, indicating that the key reflection features are fully preserved. Meanwhile, 

high-frequency random noise present in the original signals is effectively suppressed after reconstruction, 

resulting in smoother waveforms and a substantial improvement in the overall signal-to-noise ratio. 

 

Figure 8.  GPR signal before and after denoised at (a) 23rd trace,(b) 30th trace 

3.3 Field data 

The quality of backfill grouting behind tunnel segments exerts a decisive influence on the safety of 

shield excavation and the stability of adjacent structures. Insufficient grout compaction, uneven grout 

distribution or grout voids can trigger deformation in surrounding rock and soil, which may further result 

in ground subsidence, building cracks and other geotechnical hazards. Hence, rapid and accurate inspec-

tion of grouting quality is of great practical significance. To develop reliable detection approaches, the 

Guangxi Nonferrous Exploration and Design Research Institute built a full-scale test platform (Fig.9) to 

simulate shield tunnel segment rings [50,51]. 

This test platform is built to simulate a standard tunnel segment ring. The precast segments are as-

sembled circumferentially and connected by bolts, with an outer diameter of 6.0 m, an inner diameter of 

5.4 m and a segment thickness of 0.3 m. An annular gap of 20-35 cm behind the segments was designed 

to mimic the cavities generated during shield tunnelling. To simulate grouting voids, PVC pipes with 

outer diameters of 5 cm, 10 cm and 16 cm (all 165 cm in length) were vertically embedded in the grout 

layer, as illustrated in Fig.9b. All artificial defects are numbered sequentially from 1 to 12 in a clockwise 



 

 11 

direction. Defect No. 2 is created by excavating a 25 cm-wide zone on the outer side of the segment ring 

and backfilling it with gravel and water, simulating insufficient grouting and local void collapse.  

 
Figure 9.  Schematic plan of defect structures on the experimental platform (a)photo of experimental 

platform, (b)Schematic plan of defect structures 

To verify the applicability of ground-penetrating radar (GPR) in grouting quality inspection, a GPR 

survey line was arranged clockwise along the inner wall of the segment ring. The survey line starts 

roughly 30 cm counterclockwise from Defect No. 1 (Fig. 9b), spanning 17.15 m with partial overlap at 

both ends. Data collection was carried out using a GSSI SIR-4000 GPR system equipped with a 900 

MHz antenna. The trace interval was set to 2 cm and the sampling time window to 32 ns. Figure 10a 

presents distinct reflection signals from the segment-grout interface and segment joints. Nevertheless, 

most defect signatures are masked by background noise, and only faint responses can be observed from 

Defects No. 2 and No. 11. 

Figure 10. Field results (a) raw GPR signal, (b) profile of the experimental platform, (c) reconstructed sig-

nal 



  

 

After applying the MP algorithm, random noise was effectively eliminated and the image resolution 

was greatly improved (Fig. 10c). Defects adjacent to segment joints, including No. 1, No. 7, and No. 12, 

show subtle anomalies, while other defects become clearly identifiable. Due to electromagnetic wave 

scattering, the anomalous area of Defect No. 2 appears enlarged. As summarized in Table 4, MP pro-

cessing increases the peak signal-to-noise ratio (PSNR) and decreases image entropy, fully validating the 

favorable denoising performance of the proposed method. Single-trace analysis (Fig. 11) further shows 

that high-frequency noise is well suppressed and the reconstructed waveforms become much smoother. 

 

 

Figure 11   GPR Trace before and after denoised at (a) 2.7m-mark,(b) 

7.3m-mark,(c)9.3m-mark,(d)12m-mark 

Table 4.  PSNR and Q of field data 

 PSNR /dB Q 

Original signal 20.187 5.0011 

Reconstructed signal 34.490 4.0562 

4  Conclusion 

A ground-penetrating radar (GPR) signal reconstruction method based on the matrix pencil (MP) 

method is proposed to address signal quality degradation caused by random noise. The method adopts a 

damped exponential signal model and reconstructs effective GPR signals by estimating key parameters 

such as the number of dominant poles, residues, and pole values. 

Numerical simulation results show that the MP method can effectively suppress noise under differ-

ent signal-to-noise ratio (SNR) conditions. The number of dominant poles (M) has a significant influ-

ence on the reconstruction: an appropriate M achieves optimal denoising and signal restoration, whereas 

an excessively large or small M induces severe waveform oscillation. 

Laboratory physical model tests and full-scale shield tunnel platform experiments further verify the 

practicability of the proposed method. After MP processing, the high-frequency random noise in original 

GPR data is obviously eliminated, the waveform becomes smoother, and the image resolution is greatly 

improved. Quantitative indices including peak signal-to-noise ratio (PSNR) and image entropy, demon-



  

 

strate that the proposed method effectively enhance data quality while retaining weak reflection features 

of targets such as underground cavities and grouting defects. 

This study proves that the MP method is reliable for GPR signal denoising and reconstruction. It 

This study demonstrates that the MP method is reliable for GPR signal denoising and reconstruction. It 

provides an effective technical reference for grouting quality detection, underground defect identifica-

tion, and other GPR engineering applications. 
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