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Abstract: Ground penetrating radar method is widely known for its effectiveness in investigation of
underground civil engineering structures. They could be represented by the high-frequency electromagnetic
signals as reflection or diffraction events in the measurement data slices. Meaningful high-frequency
electromagnetic wave signals are reflected/scattered from the underground objects. Requirement of fast
locating the underground anomalies was an inspiration to apply modern technology of artificial intelligence
in the ground penetrating radar data analysis. There is suggested a novel workflow for detecting diffracted
signals which uses the convolution neural network for this research paper. The real high-frequency datasets
measured in the Ho Chi Minh City area, Vietnam are used as training, testing, and validating datasets for
building a convolutional neural network model. The measured data in Nguyen Van Cu Street area, District
5, Ho Chi Minh City, Vietnam is predicted with the network model for the high accuracy result.

Keywords: Ground penetrating radar, GPR, Convolutional Neural Network, CNN, High-frequency
electromagnetic data, anomaly.

1. Introduction

In investigation of shallow geology structures and underground civil engineering constructions,
especially in big cities, Ground Penetrating Radar (GPR) method has greater advantages than other
geophysical ones in abilities of quick high resolution data collection, and artificial noise removing
integrated in its equipment.

Ground Penetrating Radar (GPR) data interpretation needs previous data analysis process that helps
to enhance signal over noise ratio. The data analysis process includes noise removal, velocity analysis for
time to depth conversion and underground object detection using special signature of the electromagnetic
events such as strong hyperbolae. Its physics behind is to follow laws of high frequency electromagnetic
wave propagation, reflection, diffraction and energy conservation (Tzanis, 2010, Nguyen et al., 2017, Le
and Nguyen, 2020, Sandmeier, 2020). Normally, in the research, underground singular objects can be
detected through visible diffraction hyperbole recorded in the GPR slices.

High technology such as Artificial Intelligence (Al) can boost GPR interpretation in new successful
levels. That is, traditionally analysing a big amount of thousands of kilometres GPR data profiles can cost
a lot of time and enormous efforts of experts as geophysicists and geologists. Therefore, many papers focus
on how to apply Al into GPR processing and interpreting (Pham and Lefévre, 2018, Kang et al., 2019, Kang
et al., 2020, Wang et al., 2021) to remedy the drawbacks and still achieve better GPR interpretation results.

In the paper the Convolutional Neural Network (CNN), model having two stages has been designed
in the following steps:

(i)  Processing data for making data collection,

(i)  Establishing CNN model with the prior data collection.

In this research, real GPR data measurements were set up for preparing GPR data collection prior
application of Convolutional Neural Networks (CNN). The successful CNN model was trained, tested,
validated with three different GPR datasets. Then, one real GPR data example in Nguyen Van Cu Street,

District 5, Ho Chi Minh city was processed by the Al model. The suggested workflow was expressed in Fig.
1.
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Fig. 1. GPR interpretation workflow using CNN application

The raw GPR data were traditionally automatically processed and split into a collection of small
zones. Then, the collection was delivered into the CNN model for having confirmation of having existence
of hyperbola. Finally, the GPR processed data can contain information of underground anomaly thanks to
the output of the CNN application.

2. Methodology

Building a suitable CNN GPR model needs two important factors as big data collection and a suitable

Al configuration. Firstly, the data collection is formed by the processed GPR data. Secondly, the Al

configuration is referenced from MATLAB software (MathWorks, 2019f, MathWorks, 2019g) and
integrated with its useful options to reduce overfit issue.
2.1. Data preparation

The raw GPR data is gone through an automatic traditional workflow for having processed
interpretable data. The raw data were collected using the Detector Duo GPR machine made in Italy (IDS,
2010). The automatic processed workflow consisted of several analysis steps as moving start-time,
frequency band filter, and decay gain (Tzanis, 2010, Nguyen et al., 2017, Le and Nguyen, 2020, Sandmeier,
2020). The start-time option is to change start-time value to the defined value of the user. For frequency
band filter, the frequency band consists of their frequency min and max values as 1/2 and 3/2 of the main
frequency (i.e., 700 MHz), respectively. For the decay gain, the data is compensated for loss energy in which
its weak signals can be visible in the deep time. For recognition of an underground anomaly as water
supplying or drainage water pipes, hyperbolic shapes in GPR slices were detected (Figures 2 and 3).
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Fig. 2. Some of GPR images used for training. a) GPR images consist of one or many diffraction
hyperbolae. b) GPR images do not have diffraction hyperbolae

In data preparation, collection of GPR data images can be separated into two categories as having
hyperbolic and non-hyperbolic shapes. For a measured 2D GPR data line, its processed data can be split
into different smaller images with their 100x100 pixel sizes. All the images were then rescaled to the [0,1]
band which can help the network to understand the data distribution during the training stage.
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Fig. 3. Augmentation (Augm.) of selected images

A big GPR data collection which can prevent the overfitting issue is crucial to build an effective
neural network model (Kang et al., 2020). The data collection for the CNN workflow (Figure 4) includes (i)
the images originally extracted the processed GPR data and (ii) the augmented images which are modified
from the previous images (Aquino et al., 2017, Hernandez-Garcia and Konig, 2018, Fonseka and
Chrysoulas, 2020). The deep neural network models are heavily dependent on big data sets for improving
accuracy prediction. By solving the problem of limited datasets, data augmentation can increase number of
data input from making new versions of existing data images (Aquino et al., 2017, Hernandez-Garcia and
Konig, 2018, Fonseka and Chrysoulas, 2020). For this study, the augmented images also need keep key
hyperbolic shapes through four data making approaches as mirror transformation, addition of “salt and
pepper” noise, addition of random noise, and resize transformation (Figure 3) (MathWorks, 2019b,
MathWorks, 2019¢, MathWorks, 2019d, MathWorks, 2019e).

2.2. Training the data

Modelling operator: Neural networks can show existence of underground anomalies through
recognizing hyperbolae in GPR images. When a GPR image as an input is transferred through its node
layers, the neural networks as the modelling operator can answer whether there is a hyperbola or not. Note
that for CNN approach, the GPR images seen as an 2D matrices (i.e., each matrix size is 100 rows x 100
columns) are extracted from 2D field trip GPR datasets.

Inversion: Achieving the parameters, weigh w and bias b, in each layer of the CNN model is to deal
with the minimization of the loss function (Perol et al., 2018, Amidi and Amidi, 2018, Li et al., 2021)
considering as minimization of the objective function when solving an inversion problem (Siripunvaraporn
et al., 2005, Berdichevsky and Dmitriev, 2008, Le et al., 2016, Le et al., 2019). The problem consists of two
components for building a loss function as data input and layer configuration. For data input X, each GPR
image is seen as an 2D matrix (100 rows x 100 columns) input for the inversion. Each image can be extracted
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from the GPR diagrams from field trip. For the whole training, testing and validation processes, the data has
only one channel as grey-white colour.

Layer configuration can consist of many key components as follows:

(i)

(i)

(iii)

(iv)
(V)

(vi)
(vii)

Convolutional layers (LeCun et al., 2015): Each convolution layer helps to extract significant
features from the input data (i.e., image boundaries). An input data is performed through a
dot product operation for its whole space domain. Its output can exhibit specific patterns.

Batch normalization (loffe and Szegedy, 2015, MathWorks, 2019a): the process is to
normalize the parameters from a layer of activation in training a batch of data examples. It
supports to stabilize training, to accelerate convergence, and to enhance generalization.

The rectified linear unit (reLu) (LeCun et al., 2015): the function supports the network to

learn complicated patterns by replacing all negative values with zeroes and keeping positive
values.

Max pooling (LeCun et al., 2015): the analysis step reduces size of the data input by selecting
the maximum values representing within a local region of the data.

Fully Connected layer (LeCun et al., 2015, Kang et al., 2019): This step connects all neurons
in a layer to all neurons in its next layer.

drop-out layer (Srivastava et al., 2014, LeCun et al., 2015, Kang et al., 2019): The action can
support the network to learn more robust attributes of the data input.

softmax (Kinga and Adam, 2015, Perol et al., 2018, Kang et al., 2019): The step transforms

the output of the final fully connected layer into a probability value of group of desired output
in which each data input falls.

The loss function so-called as the cross-entropy loss can verify the difference between our predicted
probability and the true class probability distribution for the two categories as hyperbola and no hyperbola (Perol
et al., 2018). Optimization of the loss function is to achieve the model weights and bias parameters after
many iterations by using ADAM algorithm (Kinga and Adam, 2015, Perol et al., 2018).

The workflow of CNN processing is presented in Fig. 4. A 2D GPR image was gone through the
network layers to determine the presence of hyperbolic diffraction.
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Fig. 4. Workflow of CNN approach for detecting presence of hyperbola in a 2D GPR image

3. Results
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3.1. Analysing the modelled CNN result after training

Training the CNN model needs a big data of GPR images. There were used three independent types
of collections (i) Training dataset, (ii) Validation dataset, and (iii) Test data. After 10 epochs, both the results
of validation and training are higher than 90%, which is suitable for the test data (Figure 5). Moreover, the
loss values also reduced after the epochs.
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Fig. 5. Training progress

For testing datasets, the CNN model was applied. Overall, 187 correct and 15 wrong answers were
simulated in the hyperbola case while 247 correct and 25 wrong answers were predicted in the no- hyperbola
case. This reflects that the CNN model can work well (Figure 6).
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Fig. 6. Results of predicting the Test dataset from the trained CNN model. Accuracy=91.37%.
Precision=87.79%. Recall=92.57%

Three indexes as accuracy, precision, and recall can measure how good the CNN model is for the test
(Visa and Salembier, 2014). Then, the accuracy (434/475), precision (187/213), and recall (187/202) values
are 91.37%, 87.79%, and 92.57%, respectively. For the precision measure, the CNN model is 87.79%
accurate when it declares that an image has existence of hyperbola. Meanwhile, the recall value 92.57%
reflects the ration between the number of images having hyperbolic curve correctly predicted over the total
number of the images having hyperbolic curve.

Some images as the results of CNN prediction were shown in Figures 7 and 8. In Figure 7, GPR
images in the test data collection with and without hyperbolic curves are correctly predicted by the CNN
model. Meanwhile, Figure 8 shows the wrong predictions about GPR images.
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Fig. 7. lllustration of the correct decision of the CNN model
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a) Incorrect result: The CNN model predicts GPR images with hyperbola
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Fig. 8. Illustration of the incorrect decision of the CNN model
3.2. Real data interpretation in Nguyen Van Cu Street, District 5, Ho Chi Minh City, Vietnam

A 2D GPR profile was conducted in Nguyen Van Cu Street, District 5, Ho Chi Minh City, Vietnam
using the Detector Duo GPR machine, manufactured in Italy (IDS, 2010). Underground anomalies were
investigated using two methods: (i) traditional data processing and application of the CNN model to capture
areas with hyperbolic curves (Figure 9).
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Fig. 9. Raw (a) and processed (b) data in Nguyen Van Cu Street, District 5, Ho Chi Minh City, Vietnam

When the raw GPR data cannot show the meaningful features, conventional processing stages
(Methodology, 2.1) were applied to the raw data to achieve its interpretable data (Figure 9). Then, the
interpretable data was injected to the CNN model and the predicted result is represented in Figure 10. That

Journal of the Polish Mineral Engineering Society, No 1(55) 2025, January - June, Volume 2 125


https://doi.org/10.29227/IM-2025-01-02-011

https://doi.org/10.29227/IM-2025-01-02-011 Received: 30 Oct 2024, Accepted: 01 May 2025, Published: 01 Sep 2025

is: zones 1, 3, 4, 5, and 6 are correct because the hyperbolic curves are easily seen in the Figure 10.
Meanwhile, zone 2 does not show clearly hyperbolic shape existence although there are very weak
hyperbolic signals. For positions without hyperbolic curves, the CNN can show very great predictions.
Therefore, the CNN model can work well. For improvement of the CNN model, bigger GPR data collection
and better configuration of neural network layer can be created for training.
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b) PREDICTION RESULT: GPR IMAGES WITH HYPERBOLA

Fig. 10. CNN modelling for the real data in Nguyen Van Cu Street, District 5, Ho Chi Minh City, Vietnam

4. Conclusion

There was researched application of convolutional neural network (CNN) for detecting zones of
hyperbolic curves in GPR data. The CNN model was trained from the collection of real data recorded in
Southern Vietnam and a suitable configuration of layers. After the training process with high accuracy
percentage of three collections of training, validation, and test data, the CNN model result was applied to
the real data in Nguyen Van Cu Street, District 5, Vietnam. Zones of hyperbolic curves from the 2D GPR
slices can be mostly properly detected although there is one wrong prediction from one zone.
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