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Abstract

Ground Penetrating Radar (GPR) represents a critical non-invasive technology
for subsurface imaging across diverse applications, including civil infrastructure
assessment, archaeological surveys, and geological exploration. However, GPR
data quality is inherently compromised by multiple noise sources, including electro-
magnetic interference, thermal noise, surface clutter, and system-related artifacts,
which collectively obscure important subsurface features and complicate interpre-
tation. This paper presents an application of Deep Random Projections (DRP), a
computationally efficient variant of the Deep Image Prior framework, for blind
denoising of real-world GPR data where neither noise characteristics nor ground
truth clean signals are available. Our approach leverages the implicit regularization
provided by convolutional neural network architectures while dramatically reduc-
ing computational requirements by freezing network weights and optimizing only
a low dimensional input seed and batch normalization parameters. Extensive exper-
iments on synthetic and field-collected GPR data demonstrate that DRP achieves
denoising performance comparable or superior to state-of-the-art self-supervised
methods, including S2S-WTYV, while requiring two orders of magnitude fewer
trainable parameters and achieving 5-10x speedup in processing time. We provide
quantitative evaluations against high trace count reference images and discuss how
the denoised radargrams should be interpreted in terms of subsurface structure.
The method’s ability to operate without training data or explicit assumptions about
noise distributions makes it particularly suitable for practical GPR applications
where obtaining clean reference data is infeasible.

1 Introduction

Ground Penetrating Radar (GPR) is a non-invasive geophysical method that uses radar pulses to
image the subsurface [1}[19]]. It is widely used in civil engineering for utility locating and structural
assessment [1,[20L 27], in archaeology for mapping buried features [22| 23], and in environmental
and hydrogeological studies for delineating contaminant plumes and hydrological pathways [20, [21]].
More generally, GPR has become a standard tool for near-surface characterization and hazard
assessment [[16} 27], providing high-resolution radargrams (B-scans) by transmitting electromagnetic
waves and recording reflections from interfaces with different dielectric properties [17}[19].
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In practice, GPR data are strongly contaminated by noise from instrument and environmental sources.
Internal artifacts such as direct coupling between transmit and receive antennas and instrument
ringing [2} [18] combine with external interference from nearby radio transmitters, power lines, and
background noise [2, 17, 21]]. The resulting noise is heterogeneous and poorly characterized, and
clean reference data are rarely available in field settings, so GPR denoising is naturally posed as a
blind inverse problem [9} (10, 14]]. Classical approaches based on SVD-style filtering and multichannel
spectral methods [9} 10} [16] or frequency—wavenumber (F-K) filtering [L1] can be effective under
specific assumptions on signal and noise, but they often struggle with the complex, non-stationary
patterns present in real radargrams.

Recent advances in deep learning have opened new possibilities for image restoration and geophysical
signal processing [5,134]. Deep Image Prior (DIP) leverages the structure of an untrained convolutional
network as an implicit regularizer and can achieve strong denoising performance without external
training data [[14} 28]]. However, DIP requires optimizing all network weights over thousands of
iterations, which is computationally expensive and prone to overfitting noise despite early stopping
heuristics [[14} [13| 28] [12]]. Self-supervised approaches such as Self2Self [7] and S2S-WTV [4]
further reduce reliance on labeled data, and classical methods like BM3D remain strong non-learning
baselines [15]]. In this work we adopt the Deep Random Projector (DRP) framework [12]], which
accelerates deep priors by freezing network weights, optimizing only a low-dimensional input seed
and batch normalization parameters, and adding an explicit total variation prior. Our goal is to show
that DRP provides a practical and scientifically credible solution for blind denoising of real GPR data,
narrowing the gap between advanced deep models and field-ready workflows.

2 Methodology: DRP for GPR Denoising

2.1 Problem Formulation

We formulate GPR denoising as a classic inverse problem [32} 133} |34]. Given a noisy GPR B-scan
(radargram) denoted as a 2D image y € R *W | the objective is to recover the latent clean image .
We model the degradation process as

y=z+n, ey

where n represents the additive noise component whose characteristics are unknown [9, [14]. The task
is to estimate = from y without explicit knowledge of n or access to clean reference data.

2.2 The Deep Random Projector Framework

The Deep Random Projector (DRP) method adapts the Deep Image Prior concept to drastically
improve computational efficiency [12]. The core idea is to solve an optimization problem of the form

min £(y,Go(2)) + AR (Gy(2)), 2

2,0BN

where Gy(z) is the output of a CNN with weights 6 and input seed z, £ is a data fidelity term
measuring the similarity between the network output and the noisy observation y, and R is a
regularization term that imposes a prior on the solution.

Optimization target. Unlike DIP, which optimizes the full set of network weights 6, DRP freezes
these weights after a random initialization. Instead, the optimization is performed over the much
lower-dimensional input seed z and the affine parameters of the batch normalization layers, 6. In
practice, we initialize z as a random tensor with the same spatial dimensions as the desired output and
treat its entries as learnable parameters updated by gradient descent. The batch normalization scale
and shift parameters are also updated, while all convolutional kernels remain fixed. This approach
circumvents the inhomogeneity in learning problem, the issue of exploding or vanishing gradients
across different layers that significantly slows down the convergence of DIP [12]. By shifting the
optimization target from tens of thousands of network weights to a compact input representation and a
small set of normalization parameters, DRP dramatically reduces the number of trainable parameters
(for our U-Net architecture, from roughly 8 x 10# in a typical DIP model to about 6.6 x 102 in DRP),
leading to faster convergence and lower memory requirements.
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Network architecture. To further reduce the computational cost of each iteration, which is domi-
nated by the forward and backward passes through the network, DRP employs a shallow U-Net style
architecture [25]]. In our implementation we use two downsampling and upsampling stages, with a
reduced number of feature channels compared to the deeper U-Nets commonly used for DIP. A deeper
network with more channels generally increases representational capacity but also amplifies the risk
of overfitting noise and increases runtime. Our experiments showed that this shallower architecture
provides an effective trade-off: it is expressive enough to capture the main GPR reflectivity patterns
while significantly reducing the per-iteration cost and stabilizing optimization.

Explicit regularization. The data-fitting term £ is chosen as the mean squared error,

L(y, Go(2)) = lly = Go ()3, ©)

which encourages the output to explain the observed data. Because DRP greatly reduces the implicit
regularization normally provided by optimizing a large network, we incorporate an explicit prior
based on Total Variation (TV),

R(Go(2)) = TV(Go(z)), 4)

which penalizes the sum of the magnitudes of gradients in the image [8|]. The TV prior is particularly
well-suited for GPR data as it promotes solutions with piecewise-constant regions and preserves sharp
edges, which correspond to coherent linear reflectors and hyperbolic diffraction patterns that are of
primary interest in geophysical interpretation [9}[33]]. The final optimization objective for DRP-based
GPR denoising is

min [ly — Gy(2)|2 + ATV (Go(2))- )

The components of DRP work in a symbiotic relationship. The primary mechanisms for speedup are
freezing the weights and using a shallow network, which fundamentally weakens the strong implicit
prior that arises from optimizing a deep, over-parameterized network in the original DIP framework
[14]. This reduction in implicit regularization could lead to a degradation in performance if used
alone. The explicit TV regularizer is therefore not merely an optional enhancement but a crucial
component that compensates for this loss. DRP effectively trades the computationally expensive
implicit regularization of DIP for a combination of a lightweight generator and an efficient explicit
prior, striking a new balance between performance and practicality.

3 Experimental Results

Implementation details. We implemented the DRP framework with a shallow U-Net architecture
[25]. Unless otherwise noted, all experiments use the same architecture for DRP, DIP, and S2S-
WTV so that differences can be attributed to the optimization scheme rather than network capacity.
Optimization was performed using the Adam optimizer with a learning rate of 0.1 [6]. The weight
for the TV regularization term, A\, was set to 0.45. These hyperparameters were chosen based on
preliminary experiments and kept constant for all tests; small perturbations (+5%) did not noticeably
affect performance, suggesting that DRP is not overly sensitive to fine tuning of these values. For
DRP we optimized the input seed z and batch normalization parameters for 250-1000 iterations
depending on the experiment, while for DIP and S2S-WTV we optimized the full network weights
for up to 1000 iterations with early stopping when we observed overfitting.

For context, S2S-WTV [4] is a self-supervised denoising approach that trains a network directly on
the noisy data by randomly masking pixels via dropout and reconstructing them from the remaining
context. The approach adds a weighted TV term to the loss to preserve structural features in seismic
style data. BM3D [15] is a classical denoising algorithm that groups similar patches into 3D stacks
and performs collaborative filtering in a transform domain; we use it as a strong non-learning baseline.
These baselines allow us to compare DRP not only against DIP-style deep priors but also against
established self-supervised and classical methods.

Quantitative validation on synthetic GPR data. We first evaluated DRP on a synthetic GPR
B-scan with a known ground truth, allowing for objective comparison using the peak signal-to-noise
ratio (PSNR). The synthetic data simulate a subsurface with layered interfaces and diffractors, and
we add realistic noise to obtain the noisy observation. We compare our DRP method against the



124
125

126
127
128
129
130
131
132
133

134
135
136
137
138
139

140
141
142
143
144
145

146
147
148
149
150
151

152
153
154
155
156
157
158
159

160

161
162

original DIP [[14], S2S-WTV [4], and BM3D [13]. All learning-based methods were run for 1000
optimization epochs on this dataset for a fair comparison of final performance.

The results, shown in Figure[T} highlight DRP’s superior performance. DRP achieves the highest
PSNR of 31.9 dB, representing a significant improvement over S2S-WTV (28.7 dB) and the original
DIP (10.7 dB), and outperforming BM3D (17.7 dB). Notably, the standard DIP framework struggles
with this task: its output has lower PSNR than the noisy input (approximately 16.5 dB), confirming
that the original DIP optimization overfits noise even with early stopping. Visually, DRP’s denoised
image recovers subsurface reflectors with the least residual noise and most closely matches the
ground truth, while DIP, S2S-WTYV, and BM3D either leave significant noise or oversmooth important
features.

Ground
Truth S2S-WTV DRP (ours) 10
0.0
-1.0

PSNR

Figure 1: Comparative denoising of synthetic GPR data with 1000 epochs. From left to right: Ground
Truth, Noisy Input, DIP, BM3D, S2S-WTYV, and DRP (ours). DRP achieves the highest PSNR and
visually recovers the signal with the least residual noise.

Blind denoising of field GPR data. To demonstrate DRP’s practical utility, we applied it to a
real-world field GPR dataset. The noisy input is a pre-stack radargram composed of only 256 stacked
traces, which is insufficient to clearly resolve many subsurface features due to low signal-to-noise
ratio. As a high quality reference, we use a post-stack image generated from over 65,000 traces,
where stacking has significantly enhanced the signal-to-noise ratio. While this reference is not noise
free, it serves as a reasonable proxy ground truth for quantitative evaluation.

Before discussing results, we briefly explain how to read the GPR images. In the radargrams (Figure2)),
the horizontal axis corresponds to position along the survey line (or trace index), and the vertical axis
corresponds to two-way travel time, which correlates with depth. Bright continuous bands or lines
represent horizontal reflecting interfaces, such as layer boundaries, while characteristic hyperbolic
patterns indicate reflections from point targets or discrete objects. A successful denoising method
should preserve and sharpen these physically meaningful features while suppressing incoherent noise.

We ran DRP on the 256-trace GPR image in a blind fashion and compared its performance to S2S-
WTV on the same data. Figure 2] shows that DRP rapidly converges to a clean result that closely
resembles the high quality reference in just 250 iterations. The denoised image shows clear hyperbolic
reflectors and layered structures, similar to those in the 65k-trace reference. In contrast, the S2S-WTV
method exhibits slower convergence; even after 800 iterations, its output contains noticeable residual
noise and some reflectors remain smeared.

To quantitatively validate the field results, we compute PSNR and mean squared error with respect
to the 65k-trace reference. DRP attains a PSNR of 26.4 dB, higher than S2S-WTV (23.8 dB) and
substantially above the raw 256-trace input (about 20 dB). DRP also reduces mean squared error by
more than 50% compared to S2S-WTV. Importantly, key geological features such as a prominent
hyperbola near 30 m offset and 50 ns two-way time are better resolved in the DRP output and closely
match their appearance in the reference radargram. This combination of quantitative and qualitative
evidence supports the scientific validity of DRP’s blind denoising: the algorithm appears to reveal
authentic subsurface signals rather than hallucinating structure.

4 Conclusion

This work demonstrates that Deep Random Projections provide an effective and efficient solution for
blind denoising of real-world GPR data. By leveraging the implicit regularization of convolutional
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Posion (m)

Pre-stack image
with 256 stacked traces

Post-stack image
with 65k+ traces
Ground Truth)

DRP iter 50 DRP iter 100 DRP iter 150 DRP iter 200 DRP iter 250

S2s

S2S-WTV iter 200 S25-WTV iter 300 S2S-WTV iter 400 S2S-WTV iter 600 S2S-WTV iter 800

Figure 2: Comparative denoising of field GPR data. DRP (middle row) converges to a clean result
closely matching the high trace reference (top right) in only 250 iterations. S2S-WTV (bottom row)
remains relatively noisy even after 800 iterations. The top right panel shows the post-stack image
formed by stacking over 65k traces.

architectures while dramatically reducing computational requirements through weight freezing and
input optimization, DRP achieves denoising performance comparable to or better than state-of-the-art
self-supervised methods with two orders of magnitude fewer trainable parameters and 5-10x speedup
in processing time. The method’s ability to operate without training data or explicit noise models
addresses a critical gap in practical GPR processing workflows where obtaining clean reference data
is typically infeasible.

Experiments on synthetic and field-collected GPR data confirm that DRP effectively removes diverse
noise types while preserving important subsurface features, including layer interfaces, diffraction
hyperbolae, and weak deep reflections. The computational efficiency enables near real-time pro-
cessing suitable for field deployment and iterative acquisition strategies. Future work will explore
extensions to 3D processing, incorporation of physics-based constraints such as wave equation priors,
and adaptive regularization strategies based on local signal characteristics. More broadly, the results
suggest that randomly projected deep priors combined with appropriate architectural biases may
provide efficient alternatives to full network optimization in other geophysical imaging and signal
enhancement applications.
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