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ABSTRACT

Ground Penetrating Radar (GPR) is an essential non-invasive method in archaeology for finding 
archaeological features below the surface. However, interpreting the data can be difficult due to its 
complexity and noise. This research investigates the application of deep learning models to enhance the 
detection and interpretation of subsurface archaeological features using GPR data. Due to the scarcity 
of publicly available annotated GPR datasets, simulated data generated using the gprMax software 
is utilized. A Convolutional Neural Network (CNN) is built with TensorFlow and Keras. It focuses 
on creating bounding boxes around hyperbolic reflection signatures in B-scan radargrams. These 
simulations feature a buried perfect electric conductor (PEC) cylinder in a dielectric half-space. The 
model showed promising results, with Intersection over Union (IoU) scores of 0.93 reflecting accurate 
localization on test samples. This study establishes the foundation for future applications of deep 
learning to archaeological GPR data analysis. It also demonstrates that simulation-based training can 
be effective and provides a basic model where annotated samples are often scarce. This contribution is 
important because it positions simulation-driven training as a cost-effective option for archaeological 
geophysics. Data shortages have often limited the use of AI in this field. By presenting a CNN 
framework that adapts well to new simulated conditions, the study emphasizes the future potential of 
hybrid methods that combine synthetic and real data.

Keywords: Ground Penetrating Radar; Convolutional Neural Networks; Archaeology; Data 
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INTRODUCTION

Ground Penetrating Radar is a widely used, non-
invasive geophysical method in archaeology, employed 
to detect subsurface features without excavation (1). It 
has changed archaeological prospection by allowing the 

non-destructive mapping of subsurface features, such 
as buried structures, graves, and artifacts (2). In the 
case of concrete bridges, GPR served as a practical tool 
for inspecting the structural durability of the concrete. 
The GPR method facilitated faster data acquisition and 
reduced traffic interference by recording data from 
the underside of the bridge deck (3). GPR works by 
sending electromagnetic waves into the ground and 
recording reflections from differences in materials (4). 
Data collected from archaeological surveys consists of 
two-dimensional reflection profiles called B-scans (5). 
These B-scans often show specific hyperbolic patterns 
that indicate buried objects (6). However, interpreting 
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Figure 1. Simulation setup in gprMax. A PEC cylinder 
buried in a dielectric half-space. The transmitter 
(Tx) and receiver (Rx) are shown in a common-offset 
configuration, scanning laterally to produce the B-scan. 
This controlled scenario generates hyperbolic reflections 
that mimic buried archaeological objects such as metallic 
artifacts or voids.

GPR data is complicated. It can be affected by factors 
like signal loss, changes in the environment, and 
clutter from mixed soils. As a result, interpreting GPR 
data is challenging due to its noisy, complex nature 
and the variability of subsurface environments (7). 
Traditionally, this interpretation relies heavily on expert 
manual analysis (2), which is time-consuming, subject 
to human error, and can lead to inconsistencies. 

Recent advances in deep learning, particularly 
Convolutional Neural Networks, provide opportunities 
to automate and enhance the detection and classification 
of archaeological features in GPR data (8, 9). Despite 
promising results in various studies, the limited 
availability of large, annotated archaeological GPR 
datasets remains a significant challenge (10). Real-world 
archaeological surveys produce diverse, site-specific 
data, and labeling this data requires expert knowledge 
(11), which limits the available training data. 

This research addresses this gap by simulating GPR 
B-scan data with known buried objects using gprMax 
and developing CNN models to detect and localize these 
features (12). By simulating controlled scenarios like a 
buried metal cylinder, I create annotated B-scans that 
imitate archaeological features. A CNN is trained to 
locate these features through bounding box regression, 
demonstrating proof of concept. This simulation-
based method establishes a transferable model, and 
similar techniques can be used for archaeological 
GPR by fine-tuning with limited real data (13). This 
simulation-driven strategy offers two main benefits. 
First, it produces a large amount of consistent, labeled 
data without needing costly field campaigns. Second, 
it enables the systematic variation of subsurface 
parameters to test CNN performance under controlled 
conditions. 

METHODS

Data Simulation
Due to the limited availability of public, annotated 

archaeological GPR datasets, synthetic data was 
generated using the gprMax simulation software 
(14, 15). Each simulation modeled a perfect electric 
conductor (PEC) cylinder buried in a dielectric half-
space, producing B-scan radargrams representing the 
subsurface reflections, approximating archaeological 
scenarios like metallic artifacts or voids (16). The 
transmitting antenna was a z-polarized Hertzian 
dipole driven by a 1.5 GHz Ricker wavelet. A co-
moving receiver was positioned in a common-

offset configuration relative to the transmitter. The 
computational domain used uniform grid discretization 
and a fixed simulation time window. The simulation 
domain was 0.120 m × 0.210 m × 0.002 m with spatial 
discretization of 0.002 m in all directions (Figure 1) 
and a time window of 3 ns. The half-space material 
had a relative permittivity of 6, conductivity of 0 S/m, 
relative permeability of 1, and magnetic loss of 0. The 
transmitter and receiver were stepped laterally in equal 
increments to produce a sequence of A-scans, which 
were stacked to form each B-scan radargram.

These simulation parameters were configured to 
approximate realistic GPR survey conditions. These 
simulated datasets provided the input images for 
training and evaluating the CNN models. From each 
gprMax output, the Ez field component was extracted 
and normalized to ensure consistent amplitude scaling. 
The raw GPR signals were then reshaped into single-
channel tensors for compatibility with convolutional 
neural networks. Ground-truth bounding boxes 
enclosing the buried cylinder’s hyperbolic reflection 
signature were analytically derived from the known 
object location, survey geometry, and wave propagation 
velocity, using the calculated hyperbola apex and fixed 
offsets in trace and time indices. These coordinates 
were normalized to the radargram dimensions, yielding 
scale-invariant labels for supervised learning.
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Figure 2. A B-scan image of a metallic cylinder embedded in a uniform dielectric half-space in color and grayscale. 
The B-scan radargram shows the normalized Ez field. The prominent hyperbola represents the reflection from the buried 
cylinder in Figure 1, with background noise included to simulate realistic survey conditions.

Convolutional Neural Network Architecture
A Convolutional Neural Network was implemented 

using the TensorFlow and Keras frameworks to perform 
object localization on simulated B-scan radargrams. 
The model architecture consisted of three convolutional 
layers with ReLU activations, interleaved with max-
pooling layers to progressively extract spatial features 
and reduce dimensionality. The first convolutional layer 
used 32 filters with a 5 × 5 kernel, followed by a second 
and third convolutional layer using 64 filters with 3 
× 3 kernels. Max-pooling layers with 2 × 2 windows 
followed the first two convolutional layers. After the 
convolutional feature extraction blocks, the resulting 
feature maps were flattened and passed through a fully 
connected dense layer of 128 ReLU-activated units. A 
dropout layer with a dropout rate of 0.2 was included 
to reduce overfitting. Following this, the network 
regressed the bounding box coordinates of the detected 
subsurface object, yielding four normalized values 
that define the object’s position within the radargram. 
Input radargrams were preprocessed by scaling their 
amplitude values to the [0,1] range using min-max 
normalization (17). The data were reshaped into 3D 
tensors of shape (time steps, traces, 1), representing 
grayscale images suitable for CNN input. The model 
was trained using the Mean Squared Error (MSE) loss 
function, optimized with the Adam optimizer using 
a learning rate of 0.001 and over 100 epochs with a 
batch size of 4. A validation split of 20% was used, 
and TensorBoard was employed to monitor training and 
validation loss in real time (18). Training was performed 
on the simulated dataset with data augmentation 

applied to improve model robustness, including 
geometric transformations and noise injection (17). 
Model performance was monitored through validation 
loss, and early stopping was used to prevent overfitting.

The CNN architecture for this study was designed 
as a custom, lightweight network rather than adopting 
more complex established models like Faster R-CNN or 
U-Net. This decision was motivated by several factors 
specific to the scope and goals of this work. While 
architectures such as Faster R-CNN are powerful for 
object detection in natural images, they involve region 
proposal networks and two-stage detection processes 
that are computationally intensive and often require 
very large datasets for training. Similarly, U-Net is a 
leading architecture for semantic segmentation, but was 
excessive for the task of single-object localisation in this 
proof-of-concept study. Given the controlled nature of 
the simulated data (featuring a single hyperbolic target) 
and the objective of developing a computationally 
efficient model suitable for potential future deployment 
on portable field hardware, a simpler, custom CNN 
was deemed optimal. This architecture is sufficiently 
complex to learn the distinctive hyperbolic features 
from B-scans but remains lightweight, reducing the 
risk of overfitting on the limited simulation dataset and 
enabling faster training and inference.

The choice of a lightweight CNN, with three 
convolutional layers and modest parameter counts, is also 
to balance between detection accuracy and computational 
efficiency (19). This design makes the model suitable for 
use in portable archaeological field equipment, where 
computing resources are limited (Figure 2). 
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RESULTS

The trained CNN successfully identified and 
localized the buried cylinder within simulated GPR 
B-scan data. Visual inspection of predictions showed 
close alignment between the predicted bounding boxes 
and the true object locations. Quantitative evaluation 
using mean squared error loss indicated effective 
convergence during training, with validation results 
confirming the model’s generalization on unseen 
simulated samples. These initial results demonstrate the 
feasibility of using CNNs for automated GPR feature 
detection and provide a foundation for extending the 

approach to real archaeological datasets (Figure 3).
In addition to qualitative inspection, the reliability 

of the CNN is shown by stable convergence behavior. 
The training and validation loss curves show minimal 
overfitting. The IoU, calculated as the overlap between 
the predicted and true boxes divided by their union, is 
around 0.93, indicating high accuracy (20). Training 
converged with a final validation MSE of 0.002, 
reflecting a minimal prediction error (Figure 4), which 
demonstrates the accuracy of the bounding box regression 
(21). These outcomes validate the model’s ability to detect 
hyperbolic signatures, with IoU suggesting potential for 
archaeological applications (Figures 5 and 6). 

Figure 4. Architecture of the CNN model. The figure illustrates the three convolutional layers, max pooling layers, dense 
fully connected layer, and final regression output. The inclusion of dropout regularization and the compact depth of the 
architecture are designed to balance accuracy with computational efficiency.

Figure 3. Representation A-scan (single trace) extracted from the simulated metal cylinder. This plot shows the raw reflected 
signal at a single lateral position, illustrating how individual traces contribute to the construction of the B-scan radargram.
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DISCUSSION

The results highlight the ability of CNNs to automate 
GPR interpretation. The model demonstrated quite 
accurate localization in simulated data. The high IoU 
scores confirm that the architecture effectively captures 
spatial hierarchies, from edges to full hyperbolas, even 
with a modest dataset. However, simulations simplify 
conditions. In reality, archaeological GPR faces varying 
soils, multiple objects, and artifacts (22). 

A major contribution is addressing the lack of data 

in archaeological GPR. Annotated field datasets are rare 
because of excavation costs, sensitivity of sites, and the 
need for expert labeling (15, 23). My simulation-driven 
method provides a new strategy. gprMax can model 
site-specific features, such as walls and graves, to create 
labeled data for training (24). This can be fine-tuned on 
a few real samples using transfer learning (25). This 
approach could make AI applications more accessible 
in archaeology, lessening the need for large datasets. 

Beyond the immediate contributions, the study 
highlights how CNNs can transform archaeological 
prospection workflows. By reducing the need for 
expert manual interpretation, automated detection can 
speed up survey analysis and boost reproducibility 
(26). Compared to traditional methods, the CNN 
significantly decreases interpretation time, indicating 
real benefits for large-scale surveys (27). Furthermore, 
the strong IoU score in a simulated environment 
shows that CNNs can pave the way for real-time field 
applications, especially when combined with portable 
hardware accelerators. 

Nevertheless, limitations remain. CNNs are 
naturally data-hungry, and their reliance on simulation 
risks overfitting to synthetic artifacts (28). Addressing 
the domain gap between simulated and real-world 
radargrams will require improved strategies such as 
domain adaptation, adversarial learning, or physics-
informed neural networks. Moreover, archaeological 
targets are often complex, such as intersecting 
structures and diverse soils (29, 30). This complexity 
means that the single-object detection method needs to 
change to multi-object segmentation approaches to be 
ready for field use (31). Therefore, the main limitations 
include the assumption of single objects and the gap 
between simulations and reality. Future work should 
focus on integrating multi-object detection and domain 
adaptation techniques (32). This includes a variety 
of simulations with different depths and materials, 
along with real data combinations, and could boost 
generalizability. 

CONCLUSION

This study improves GPR analysis for archaeology 
by creating a CNN for locating objects with simulated 
data. It addresses the challenges posed by limited 
annotated datasets. The model’s accuracy shows that 
simulation can be effectively used to train a model and 
adapted to real datasets. By promoting automated object 
interpretation, this work aids in efficient prospection.

Figure 5. Training and validation loss curves for 
100 epochs. Both curves converge smoothly with no 
significant divergence, demonstrating that the CNN 
generalizes well without overfitting, partly due to dropout 
and data augmentation.

Figure 6. Comparison of predicted (red solid) and 
ground-truth (green-dashed) bounding boxes on a sample 
B-scan. IoU = 0.93, showing precise localization of the 
buried object and strong agreement with ground-truth 
annotations.
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This work offers three main contributions: first, the 
design of a lightweight CNN architecture that competes 
well with existing methods; second, the demonstration 
that simulation-based training can address the lack 
of annotated archaeological GPR datasets; and third, 
the creation of a framework that can be adjusted with 
limited real data for practical use. 

For the future, it will be important to expand the 
dataset to include multi-object simulations and to test 
the model on archaeological field data. Integrating 
CNN-based interpretation into real-time survey tools 
could change archeological prospection, making non-
invasive investigations more efficient and organized. 
This work provides not just a proof of concept but also 
a guide for future archaeological geophysics driven by 
deep learning. 
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